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ABSTRACT

Every crop genetic improvement project has unique objectives, although there are some
general consistent objectives that are common among projects. Due to competition in the
marketplace commercial plant breeders need to place greater emphasis on immediate genetic
gains with potential loss of useful genetic variance. In contrast public plant breeders have the
opportunity, perhaps obligation, to emphasize retention of useful genetic variance while
improving genetic improvements. Most often the relative emphasis on these competing
objectives has not been designed rather it has emerged as a consequence of reproductive biology,
genetic architecture and budget constraints. The theme of the research reported in this
dissertation is that the development of Genomic Selection (GS) methods has provided the ability
to plan and execute the trade-offs between these competing objectives in genetic improvement
projects.
Some early simulation studies that compared recurrent GS with Phenotypic selection (PS)
revealed greater short term genetic gains with GS, while PS resulted in better long term genetic
gains because PS retains useful genetic variability during the early cycles of selection. These
early studies also indicated different genetic architectures, heritabilities, GS methods, training
sets and selection intensities would result in a range of responses across multiple cycles. We
hypothesized that interactions among these factors could further increase the number of possible
response curves. We decided to evaluate the hypothesis by simulating 40 cycles of recurrent
selection for sets of founders with genotypic data and population structures based on the
founders of the Soybean Nested Association Mapping panel. Ten simulations were conducted on
a factorial set comprised of over 300 combinations of selection methods, training sets, and

vii
selection intensities, which are under the control of the breeder, as well as genetic architecture
and heritability, which are not.
To distinguish among the 300+ replicated response curves we employed a first order
recurrence equation to model the genotypic responses. Because recurrence equations are discrete
analogs of differential equations, the estimated parameters enabled evaluation of response rates,
half-lives and genotypic values as responses approach asymptotic limits. By modeling genotypic
responses it was also possible to conduct ANOVA of the non-linear responses, which revealed
that both the rates of genetic improvement in the early cycles and limits to genetic improvement
in the later cycles are significantly affected by interactions among all investigated factors. Even
though all possible interactions significantly affected modeled responses, there were some
consistent trends. Updating GP models with training sets consisting of data from prior cycles of
selection significantly improved prediction accuracy and genetic response for all GS methods.
From among the GS methods with updated training sets, selection on values estimated from
Ridge Regression –Restricted Maximum Likelihood Method (RR-REML) resulted in better
response rates and larger asymptotic limits than selection on estimates from BayesB and Bayes
LASSO models. A Support Vector Machine with a radial basis kernel method resulted in the
fastest loss of genetic variance in the early cycles.
We next hypothesized that we could improve both response rates and retention of useful
genetic variability in the simulated soybean populations by decomposing breeding strategies into
decisions about selection methods and mating designs. For breeding populations organized into
islands, decisions about possible migration rules among family islands were included. From
among 60 possible strategies, genetic improvement is maximized for the first five to ten cycles
using GS and a hub network mating design in breeding populations organized as fully connected
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family islands and migration rules allowing exchange of two lines among islands every other
cycle of selection. If the objectives are to maximize both short-term and long-term gains, then
the best compromise strategy is similar except a genomic mating design, instead of a hub
networked mating design, is used. This strategy also resulted in realizing the greatest proportion
of genetic potential of the founder populations. In Weighted Genomic Selection (WGS), the
estimated marker effects are weighted by the inverse of the favorable allele frequency and the
weighted values are used for selection. WGS, when applied to both non-isolated and island
populations, also resulted in the realization of the greatest proportion of genetic potential of the
founders, but required many more cycles than the strategy that showed the best compromise
between short-term and long-term gain in the case of non-isolated populations. These studies
have the potential to contribute to the development of decision support systems that use new
approaches to integrate the strengths of whole-genome level information, prediction modeling,
and optimization methods for long-term genetic improvement of crops.
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CHAPTER 1.

GENERAL INTRODUCTION

1.1 Background
Genetic improvement of cultivated crops is the core purpose for plant breeding. People
have been remarkably successful in changing the desirable traits of crops to suit the demands of a
growing population by applying informed methods of artificial selection over several thousand
years. Modern Plant breeding programs consist of 1) recurrent genetic improvement projects, 2)
variety development projects 3) trait introgression projects and 4) product placement projects
(Fehr, 1991). Past genetic improvements are assessed using realized genetic gain, which is an
estimate of change of the average genotypic value for traits across recurrent cycles of selection
and inter-mating. Perhaps the most relevant trait for assessment of realized genetic gain is yield
per unit land. Of concern are gains in many crop species that have stagnated (Bhatia et al. 2008;
Van Ittersum et al. 2013; Liu et al. 2016).
Estimates of genetic gain combined with estimated yield potential provide an assessment
of genetic improvement relative to the maximum possible. Studies on soybean variety yields
over the past 80 years in North America have shown a trend of increase. Estimates of yield
components suggest that two-thirds of yield gain is due to genetic improvement and one-third
due to improved agronomic practice (Mikel et al. 2010; Rincker et al. 2014). Given the
improvements that have been made, more sophisticated methods for selection will be needed to
achieve further improvements in yield (Hickey et al. 2017).
Several directions of research were pursued over the past century to improve selection
methods (Hickey et al. 2017). Concepts such as breeding value allowed breeders to estimate the
value of any individual line as a parent based on the predicted phenotypic values of progeny.
Advancements in genotyping and molecular biology methods led to the use of marker assisted
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selection (MAS), where genetic markers that are associated with improved trait values are
considered identifiers for lines with high trait values (Hickey et al. 2017). This requires linkage
between marker alleles and causative alleles as well as the ability to identify markers with
significant associations between polymorphic markers and trait variability. However the
estimation of significance of markers has complications due to ‘Beavis Effect’, which states that
estimates of genetic effects associated with the significant marker alleles are inflated (Beavis
1994). Several methods were proposed to counter this over-estimation by shrinking the
estimates. In 2001, Meuwissen et al. proposed statistical methods to estimate genotypic values
of individuals based on genome-wide marker sets. These statistical algorithms are referred to as
genomic prediction (GP) methods. GP methods obviate any need for identification of specific
marker-trait associations, a.k.a., quantitative trait loci (QTL). Meuwissen’s approach motivated
development of a large number of methods to predict genomic estimated breeding values
(GEBV) of genotypes (Bernardo 2008, 2014; Jannink et al. 2010; Asoro et al. 2011; Heslot et al.
2012; Nakaya and Isobe 2012; Hagan et al. 2012 ; Emily and Bernardo 2013; Crossa et al. 2014;
Heslot et al. 2015; Liu et al. 2015; Beyene et al. 2015; Bassi et al. 2016; Marulanda et al. 2016;
Jonas and de Koning 2013, 2016; Hickey et al. 2017; Goiffon et al. 2017). GP methods have also
been compared in terms of prediction accuracy and mean squared error, which are the two most
commonly used evaluation metrics (Long et al. 2010, 2011; Guo et al. 2012; Howard et al.
2014). In plant breeding, GS methods have been adopted by commercial breeding organizations
with well-funded R&D programs and a few public breeding programs with sufficient financial
resources to pay for data from high throughput genotyping and field trials (Guzman et al. 2016;
Hickey et al. 2017). For example, the CIMMYT wheat improvement program uses a
combination of PS and GS, where GS is used only for filtering lines that have been discarded in
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the initial selection steps (Guzman et al. 2016). Quantitative geneticists have investigated GP
using simulations to compare genetic gain in recurrent selection programs. By directly selecting
for markers that are associated with traits, GS methods achieve rapid increases in genetic gain
compared to PS phenotypic selection. However, PS does not lose genetic diversity as fast and
results in less limited responses to selection in closed populations.
Motivation
Soybean represents an extreme example of a self-pollinated crop. Due in part to labor
intensive and expensive procedures required to successfully cross pollinate soybeans [NCSRP],
there is limited genetic diversity among soybean varieties adapted to production environments
(Mikel et al. 2010). Production environments are subdivided into maturity zones. In North
America, soybean varieties adapted to maturity zone IV will not mature in time to harvest if
planted in maturity zone II. These MZ’s further subdivide breeding populations and limit
genetic diversity of the breeding populations from which varieties are derived. How rapidly will
genetic gains approach a limit using limited genetic diversity among soybean accessions adapted
to maturity zones? How fast will the genetic potential of a breeding population be lost due to
phenotypic and genomic selection methods, genetic architectures, and selection intensities?
Factors such as genetic architecture, marker density, training population size and
structure affect prediction accuracy and responses in recurrent selection. While these factors
have been previously identified with simulations, combinations of these factors and their
interactions have not been systematically investigated in the context of recurrent GS to examine
their impact on short-term and long-term responses.
In an ideal scenario it should be possible to realize the maximum possible genetic
potential from any genetic value in the current generation in just one cycle of selection (Figure
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1). However it is not feasible to allocate astronomically huge amounts of resources to evaluate all
possible combinations of crosses to identify the crosses that will result in maximal genetic gain.
A realistic feasible option is to maximize genetic gain in one cycle among a subset of all possible
crosses. However, such maximization of genetic gain will result in loss of genetic variance and
genetic potential in the population (Figure 1). Such loss of genetic potential is mostly due to the
loss of favorable alleles in the population due to drift and loss of favorable alleles during the
selection process due to linkage or linkage disequilibrium with unfavorable alleles. The other
extreme is to maximize retention of genetic potential with minimal genetic gain, which is
contrary to the main objective of genetic improvement project (Figure 1). In between these two
extremes, there are an infinite number of unique curves that represent unique tradeoffs between
maximizing genetic gain and maximizing retention of genetic potential. In order to identify
response curves that represent optimal tradeoffs between maximizing genetic gain in the shortterm and retaining genetic potential in the population for long-term gains, we’ve split the
recurrent selection process into distinct non-overlapping steps of prediction, selection and
crossing and investigated factors that impact each of these steps.
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Figure 1 Illustration of response to recurrent selection in four
scenarios including i) ideal (red), ii) response pattern with
high short-term gain and low limit (black), iii) response
pattern with high long-term gain (blue), iv) no gain (purple).
The dashed lines represent maximum genotypic potential
available in the population for i) high short-term gain (black),
ii) high long-term gain (blue).

In the following dissertation chapters, we’ve attempted to answer the following specific
questions. Do GP models used to train impact responses in the short-term and long-term? Do GP
models differ in rate of decay of prediction accuracy? How to prevent reduction in accuracies
using retraining of GP models to realize greater responses? How training sets used to update GP
models impact short-term and long-term responses and how it interacts with other factors? How
accuracy and responses in recurrent GS are impacted by factors such as genetic architecture,
heritability of traits, selection intensity?
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In addition to prediction accuracy to GP models, there are other factors such as loss of
genetic variance and loss of favorable alleles in closed systems that impact limits of responses.
How to deal with these constraints? While the recommended approaches for dealing with
constraints include adjusting selection intensity and weighted genomic selection (WGS), in
practice, breeders exchange lines among breeding stations that have similar conditions for
cultivation. This process is driven by observation and performance of individual genotypes
and expectations of short-term gain and not on expectations for performance of future
generations and long-term gain.
A plant breeder has to make many decisions regarding this exchange process as to what
lines to consider and which breeding station to consider for exchange. How many breeding
stations to consider and what should be the nature of connections among these stations?
How many genotypes should be exchanged and from where should these genotypes be
acquired? We’ve modeled this exchange process in recurrent selection using an island
model evolutionary algorithm that takes into account all these factors. We’ve also
compared responses from global selection methods with local selection methods with and
without exchange of genotypes.
In addition to truncation selection employed in many proposed GS methods, there are other
multi-objective optimization based selection methods, which offer optimal solutions
considering the many objectives of plant breeding programs. For example, an objective
could be to maximize genetic gain while maintaining a defined threshold for genetic
variance in the population. We have compared one such method in the context of global
and local selection.
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Figure 2 Schematic of cultivar development pipeline. Upper panel shows pipeline
employed in one breeding station. This process is simulated in most theoretical
studies of recurrent selection. Lower panel depicts a similar cultivar development
pipeline employed in multiple breeding stations with exchange among breeding
stations. The first three steps inside the elliptical region comprise the recurrent
selection or population improvement process with generation, evaluation,
selection, crossing steps that are iterated multiple times. The arrows point to
transfer or exchange of crossing material within and among plant breeding
stations.

Because breeding islands are analogous to soybean breeding programs consisting of
multiple breeding sites (islands), we’ve identified several populations, where Island Genomic
Selection (IGS) and Island Weighted Genomic Selection (IWGS) have the potential to improve
genetic gains using simulated conditions that approximate public soybean breeding in Maturity
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Zone III of the United States. For these simulations, data from USDA-Germplasm Collection and
Soybean Nested Association Mapping panel was used as a model. In the following sections of
this introductory chapter, we have briefly described the concepts and methods used.

1.2 Genetic Gain
Yield is the most important trait for producers of commodity soybeans. Since these
farmers represent over 95% of the market plant breeders also emphasize genetic gains for yield.
Yield is measured in bushels/acre (bu/ac) or kilogram/hectare (Kg/ha). As the units suggest, it is
considered an estimate of productivity per unit of land, with crop genotypes, environment and
agronomic practices used to realize the productivity. Yield potential refers to the maximum yield
attainable for a genetic variety given perfect environmental and management inputs. Yield
potential of a variety could vary depending on variation in environmental conditions such as
solar radiation, water availability, fertilizers and pest management. Yield gap refers to the
difference between yield potential of a variety and attained yield in any given growing season
(Cassman et al. 2003; Bhatia et al. 2008; Lobell et al. 2009; Van Ittersum et al. 2013; Liu et al.
2016).
Realized genetic gain for yield refers to changes over time. Since it assumes perfect
environmental and management factors, genetic improvement is specifically an estimate of the
genetic component (Mikel et al. 2010; Rincker et al. 2014; Hickey et al. 2017; Byrum et al.
2017). This is contrasted with yield protection which allows farmers to bridge the yield gap
between yield potential and realized yields of cultivated genotypes.
Obtaining an accurate estimate of genetic gain is complicated, as it involves separating
the genetic and non-genetic components. Some estimates of genetic gain such as the one in the
breeder’s equation (2), assumes constant environmental and management inputs. Byrum et al
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(2017) derived an estimate called Genetic Gain Performance measure that uses advanced
analytics to separate the genetic from non-genetic components. Applying this estimate in
operational decisions led to a significant improvement in genetic gain in Syngenta Soybean
Breeding Program (Byrum et al. 2017).
The genetic potential is the maximum possible genotypic value (assuming no
environmental variation) that can be achieved with the combination of all favorable alleles that
contribute to the trait. A limit to genetic gain indicates that there can be no further genetic
improvement without introducing useful genetic variability into the breeding population. Limits
of responses to selection are usually less than the genetic potential of the founders of a breeding
population. Most breeding populations of crop genotypes respond to selection but at levels well
below the initial genetic potential of the founders.
Breeder’s Equation
The breeder’s equation has been used to predict genetic response using estimates of
heritability and selection differential. There are univariate and multivariate forms of the
breeder’s equation. The different forms of the equation partition genetic response into two
components that are due to selection intensity, the estimated phenotypic standard deviation and
the estimate of heritability. The breeder’s equation could be considered a special condition of
Price’s equation (Queller 2017) when the correlation between breeding value and fitness is zero,
which means variance in phenotypic trait values completely capture the variance in fitness and
there is no other correlated genetic effect (Okasha 2008; Morrissey et al. 2010; Pitchers et al.
2014; Queller 2017).
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irσ A
t
R - response to selection
R 

i - selection intensity
r - selection accuracy

(1)

σ A - s.q.r.t. of additive genetic variance
t - time in years between crossing
and selection of new progeny genotypes
Equation (1) expresses genetic response in terms of the selection intensity, additive
genetic variance, accuracy of selection and time required to complete a cycle of selection and
creating a new set of selectable progeny. Selection accuracy is equivalent to prediction accuracy
when selecting on genotypic values. ‘t’ in the denominator denotes the time, in terms of years,
that is required between creating a set of genotypes and selecting those genotypes which will
create a new set of genotypes. Often the form used by breeders includes a cost factor in the
denominator that allows them to estimate genetic gain per unit of investment and cycle interval
(Equation 2).
R 

irσ

A
 cost * t 

R - response to selection
i - selection intensity
r - selection accuracy

(2)

σ - s.q.r.t. of additive genetic variance
A
t - time in years between crossing
and selection of new progeny genotypes
cost - cost of selection program per generation

Equation (3) expresses genetic response in terms of selection differential and estimated
narrow sense heritability.
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R  Sh 2
S- selection differential

(3)

h2 - narrow sense heritability

Multivariate versions of Breeder’s equation are given in equation (4). An important
assumption in breeder’s equation is normality of trait values. Another assumption is causation,
where all the other traits that have a causal role in contributing to trait values are included in the
model. It means that all correlated traits that respond to selection must be included in the model
as co-variates for the prediction to be accurate. In situations where there is phenotypic
correlation among traits and no genetic correlations, the correlated traits won’t respond to
selection. When there is negative correlation, an increase in one trait due to directional selection
will decrease the trait that is negatively correlated (Okasha 2008; Morrissey et al. 2010; Pitchers
et al. 2014; Queller 2017).

R = GP-1S
R - vector of response elements
G - variance- covariance matrix of genetic values

(4)

P - variance- covariance matrix of phenotypic values
S - vector of selection differentials

Application of Breeder’s Equation
The breeder’s equation is an example of ceteris paribus law. A ceteris paribus law
(‘given all things equal’) states that the relation among variables described by the law holds true
only for the defined set of conditions or constraints (Reutlinger et al. 2019). So there are
limitations to the application of Breeder’s equation despite its widespread use in predicting
genetic gains. For example, the breeder’s equation may not predict outcomes from long-term
selection because heritabilities in subsequent cycles of selection will change as the genetic
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variance/covariance will change depending on the population structure among founders, genetic
architecture of the traits and selection intensity. Assuming an infinitesimal model for genetic
architectures of quantitative traits, in which a large number of alleles with small effects are
responsible for trait values, genotypic and phenotypic values will be normally distributed, in the
absence of selection (Barton et al. 2017). However, selection introduces bias in the distribution
of phenotypic values in future generations and violates normality assumptions required for the
relationship in Breeder’s equation to hold true (Pigliucci 2006; Blows and Walsh 2009).
The Breeder’s equation also has limited applicability to predict response in natural
populations as covariance between fitness values and genotypic values are influenced by variable
non-genetic factors. Thus, it is widely accepted that Robertson-Price theorem of natural selection
has more general application for predicting the evolution of natural populations (Okasha 2008;
Morrissey et al. 2010; Queller 2017).
The breeder’s equation has also been applied in the context of GS, where selection
accuracy corresponds to prediction accuracy between training and validation sets, intensity of
selection adjusted for GS and additive genetic variance remain the same as in the Breeder’s
equation. Given the limitations of the breeder’s equation to predict long-term evolutionary
dynamics of populations under artificial selection, simulation studies have been used to
investigate response to selection across many selection cycles.

1.3 Simulation Studies in Plant Breeding
Initial modeling studies that attempted to find predictive relationship between phenotype
and genotype relied on analytical treatments on simple systems with few loci and no interaction
among those loci (Kempthorne, 1969). While the simple assumptions yielded good theoretical
foundation for linking Mendelian genetics with Darwin’s evolutionary theory, the analytical
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treatment failed to account for the complexity of evolutionary dynamics of real populations.
Given the limits of analytical approaches to address the complexity of experimental systems,
simulations have been used to identify factors and breeding strategies that achieve desired
responses of t recurrent selection programs (Jannink 2010; Liu et al. 2015; Akdemir and Sánchez
2016; Yabe et al. 2016; Akdemir et al. 2019).
The application of approximate genotype-to-phenotype (G-to-P) mapping functions
enables reasonable simulated phenotypic values from genotypic data. It is also possible to
simulate genomes and biological processes like selection, meiotic recombination and choice of
mates to investigate responses of breeding populations in silico in a few hours to a few days.
Even though simulations use models that are abstract approximations of the true underlying
biological mechanisms, their use has provided reasonable understanding of dynamic patterns of
responses to selection in domesticated and natural populations. In addition, there are ambitious
attempts to use big data and simulation modelling for precision breeding. Precision breeding is a
term that describes selection of mates that will provide optimal genetic improvement (Podlich
and Cooper, 1999; Cooper et al. 2002; Cooper et al. 2014).
To date, mapping biological mechanisms of G-to-P are incomplete and poorly
understood, even with all the genomic, network and biochemical pathway discoveries that have
been made in the last 30 years. Current methods treat the processes and multiple levels of
organization from G-to-P as black boxes, although they often demonstrate high prediction
accuracies in vitro genetic improvement projects. Cooper et al (2002) classified quantitative
traits that are of interest to plant breeders based on heritability and genetic complexity and
suggested widely different modeling strategies to evaluate response to selection. In their
classification scheme, complexity refers to the genetic architecture of traits, characterized by the
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number of genetic loci that regulate the trait, the distribution of allelic effects and the presence of
gene-by-gene and gene-environment interactions. The accuracy of prediction can be low even for
simple traits with a small number of genes contributing the trait when the heritability of the trait
is low.

Factorial Design for Evaluations of Responses to Selection
Previous investigations of responses to genomic selection investigated single factors, but
to our knowledge did not identify the influences of interactions among factors. To investigate
multiple combinations of factors that have been shown to individually influence response to
selection, we used factorial designs. The factorial design provided both efficient estimation of
main effects and as well as information on responses to interactions of factors. The ANOVA of
linear or non-linear models are used to identify significant combinations of factors that affect the
response variables (Myers 1976; Collins et al. 2014; Dunn 2020). This makes factorial design is
optimal for selecting the combination of factors among the extreme scenarios (Figure 1) that will
result in response curves that meet the objectives of the recurrent selection program.

1.4 Recurrent Genomic Selection
Three general approaches have been used to investigate improvement of genetic gain
with GS. The first approach is through development of GP models, where improving the
accuracy of the GP model is expected to improve genetic gain by improving the accuracy of
selection (Habier et al. 2007; Goddard 2009; Zhong et al. 2009; Jannink 2010; Heffner et al.
2011; Bastiaansen et al. 2012; Bijma 2012; Wimmer et al. 2013; Lorenz 2013; Hickey et al.
2014, 2017). The second approach addresses selection of lines as parental lines for creating a
new set of progeny for evaluation (Cochran 1951; Bertan et al. 2007; Bos and Caligari 2008;
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Bernardo 2014). The third approach considers various crossing strategies, which affects the
utilization of selected individuals to achieve specific goals in subsequent cycles of selection and
mating (Akdemir & Sánchez 2016; Xu et al. 2017; Goiffon et al. 2017; Gorjanc et al. 2018).
Prediction accuracies of GP models employed in recurrent selection are affected by
factors such as genetic architecture of traits, marker density, composition and number of
genotypes included in training sets, and GP model. Prediction accuracy decays with selection as
the genetic variance-covariance structure of populations change with over recurrent cycles of
selection and crossing. This decay of prediction accuracy reduces the limits of responses that are
achieved, but it can be prevented or reduced by retraining GP models with updated training sets.
In chapter 2 of this dissertation, we have described the impact of all these factors and their
interactions on prediction accuracy and response to selection.
Trade-offs in Genetic Improvement
Plant breeders always need to address more than one objective. Often the breeding
objectives are related through reciprocal and negative associations (Saeki et al. 2014). However,
it is not true that such negative associations will prohibit optimization of multiple objectives,
where optimality is defined as the best compromise among competing criteria. Dewitt and
Langerhans (2004) identified four strategies that organisms use to minimize trade-offs among
competing objectives. These strategies include specialization in which genotypes are well
adapted to specific environments. Generalists are genotypes with moderate fitness in many
environments. Bet-hedging refers to a strategy where there is switch between genotypes at some
probability and phenotypic plasticity where genotypic switches are based on environmental
triggers. Constraints such as genetic, functional, developmental and historic contingency prevent
the evolution of optimal genotypes. However plant breeders aim to create genotypes that are
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optimally adapted to growing conditions encountered in a targeted population of environments
(TPE) and consequently minimize the trade-offs between specializations, generalization, bet
hedging vs phenotypic plasticity. The “law of diminishing returns” poses another constraint,
where improving traits to 80% of the potential will require only 20% as much effort as required
to realize the genetic potential. In addition to high costs, there are short-term and long-term
tradeoffs among economic, environmental and social factors in adoption of high yielding
varieties (Logan 2017).

Genetic Constraints in Crop Improvement
Genetic constraints include loss of genetic variance in the population and loss of
beneficial alleles that impact realization of maximum potential in later cycles. Selection for
domestication and crop improvement often leads to depletion of genetic variability in the
population. This has prompted some to suggest introduction of genotypes from geographically
separate regions or from historical relatives, e.g., landraces, through crossing, gene stacking or
other application of biotech methods such as genetic engineering or gene editing (Garcia 2013;
Gorjanc et al. 2016; Bailey-Serres et al. 2019; Allier et al. 2019). Simulation studies of strategies
that involve a combination of GS and genome editing called PAGE (Promotion of Alleles by
Genome Editing) demonstrated step improvements compared to implementations of GS alone
(Janez et al. 2015; Hickey et al. 2016, 2017).
One of the common approaches to address constraints in recurrent PS & GS programs is
to adjust selection intensity, where a higher intensity of selection is used for rapid short term
genetic gains (GS) and relaxed selection intensities for greater long-term gain at a slower rate
(PS). Another approach is to implement strategies that allow informed selection and
crossing decisions for long-term genetic improvement of their crops with minimal trade-
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offs for short-term gains. For example, in WGS (weighted genomic selection), rare
favorable alleles with high marker effects are given greater weights to retain alleles in the
selection population and maintain genetic variance through more cycles of recurrent
selection (Jannink 2010; Liu et al. 2015).
In practice, plant breeders tend to exchange genotypes among breeding stations that
have similar environmental conditions (Figure 1). While the global collection of genotypes
that could be used is large, plant breeders often tend to select high yielding lines that ar e
well adapted to environmental conditions in their TPE. Even for development of new
cultivars, plant breeders tend to be selective about lines that are adapted to other
geographical regions as it takes a significant portion of limited resources any given year to
develop and evaluate new cultivars (personal communication from Andrew Scaboo, MO,
Brian Diers, Ill, Bill Schapaugh, KSU, and Asheesh Singh, ISU). It is not clear if the practice
of limited exchange of genotypes among soybean breeders is informed by theory or simply
a desire to take advantage of the best available genotypes for the TPE.
Since Wright introduced the concept of adaptive landscapes for his model of evolution in
shifting balance theory, a number of researchers have extended and applied this concept to
artificial selection (Wright 1932; Wright 1988; Cooper 2002; Yabe et al. 2016). These
evolutionary concepts were appropriated by computer scientists to solve complex optimization
problems. Solutions to these multi-objective optimization problems were obtained by
developing algorithms that are referred to as evolutionary algorithms (Goldberg 1989; Goldberg
and Deb 1992). Genetic algorithms (GA) are a sub-class of evolutionary computing algorithms
of particular interest because they are based on artificial recurrent selection. The evolution of
populations can be considered a heuristic optimization process, where the individual members of
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the populations are solutions to adaptive challenges. Any individual’s adaptation to its specific
challenge can be captured in an individual’s fitness value estimated with a function that maps
genotypes to fitness with phenotypic values as an intermediate variable. In artificial selection,
phenotypic values such as yield can be considered equivalent to fitness values as selection is
based on phenotypic values of the selection units. Selection units can be individuals or in the
case of crop species, replicable genotypes such as lines, varieties, hybrids, clones, etc. The
genetic variation of selection units and inheritance of variation in future generations allow a
change in the distribution of fitness values in subsequent generations. When any individual
solution can be encoded in the form of a genotype/chromosome, the evolutionary process of
selection, hybridization and recombination, can be used to create fitness values in a population
when these processes are iterated over cycles of selection. The populations of solutions move
towards global maximum to provide solutions to the optimization challenge.
The concept of an ideal genotype for any specific environment assumes the existence of
one genotype configuration with the maximum fitness value for any one environment and the
realization of this ideally adapted genotype is often compared to the OneMax problem in GA
literature, where the population moves towards one global maximum. While this is considered an
easy task when mutation is the only variation generating mechanism, the same OneMax problem
could have many local optima if recombination among and within chromosomes provides a
mechanism for generating genotypic variation. Fitness landscapes with many local optima are
called multi-modal fitness landscapes and it is possible for populations be “trapped” at any of the
local optima and never approach the global optimum (Wood et al. 2001; Du et al. 2015). Multimodal functions are distinct from multi-objective optimization functions where several fitness
functions are involved. To avoid the trap of local maxima, strategies like niching and sharing of
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solutions have been proposed, which allow the population of solutions to escape from local
optima and continue to search for the global optima (Goldberg 1989; Goldberg and Deb 1992;
rey Horn 1997; Luque 2011).
There are several classes of GAs grouped based on the structure of the population and the
distribution of connections among sub-populations. In canonical GA, all the individual solutions
are pooled together in one population where crossing can occur with any individual solution and
individual solutions for crossing are selected at random. In distributed GAs, the structure among
subsets of individual solutions is maintained and each subset evolves in its sub-domain (island)
solution space leading to solutions in different domains. In Cellular GA (CGA), the individual
solutions are arranged in a grid, where the breeding pool for any individual solution is its
immediate neighborhood. In distributed CGA, the islands and the individuals within the island
are arranged in a grid and crossing or migration is possible only in the neighborhood of each
island (Luque, 2011).
Factors such as number of islands, island size, migration rate, migration frequency,
degree of connectivity among neighboring islands, the emigrant genotypes and the resident
genotypes that are replaced in an island affect convergence time and quality of solutions of IM
GA (Cantu-paz 2000; Whitley 1999; Skolicki 2007). Island Size & Number of islands: Larger
island population size leads to better quality solutions, as it allows evolution of diverse solutions.
It also shows a slower loss of genetic variance. But the tradeoff with convergence rate is linked
with the number of islands. Inter-island diversity increases as the number of islands increases.
This leads to an increase in global diversity of the population. But its effect on convergence time
and solution quality is dependent on other factors such as degree of connectivity, migration size
and frequency (Cantu-paz 2000; Whitley 1999; Skolicki 2007). Large numbers of migrants
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replaces most of the selected solutions in the immigrant islands leading to a decrease in interisland diversity, as copies of emigrant solutions spread rapidly. This leads to rapid convergence
in most islands to sub-optimal solutions. Intermediate numbers of migrants perform the best in
terms of both convergence rate and quality of solution. Quality of solutions can be assessed using
any one of distance based metrics, non-dominance based metrics or spread based metrics (Goel
and Stander 2010; Abouhawwash et al. 2020). The magnitude of intermediate size range depends
on the island size and selection intensity (Cantu-paz 2000; Whitley 1999; Skolicki 2007).
Optimal migration frequencies are intermediate between extremes. There is better diversity with
longer migration intervals, as the local populations get time to evolve their own solutions. But
very low frequencies of migration fails to rescue the local populations from stagnation (Cantupaz 2000; Whitley 1999; Skolicki 2007).
Migration policies refer to decisions about individual emigrates and whether they are
used to replace resident genotypes on in the island. When best solutions replace worst solutions
on the immigrant island, the proportion of good solutions in the selected population increases by
increasing the selection intensity in the immigrant islands. When worst solutions replace best
solutions in the immigrant island, selection intensity decreases. When randomly selected
emigrants replace random immigrants, there is no change in selection intensity and doesn’t affect
the convergence rate and quality of solutions and IM models perform similar to discrete selection
where there is no migration (Cantu-paz 2000; Whitley 1999; Skolicki 2007).
While WGS and IM methods have been evaluated with truncation selection, where lines
with criterion value above a threshold are selected, there are limits to truncation selection. Other
selection methods similar to truncation selection such as i) tournament selection, where winner
of k-size tournament is selected, ii) Ranking selection, where the probability of selecting
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individuals depends on their ranking, iii) Fitness proportional, where the probability of selecting
individuals depends on their fitness scores, and iv) Uniform method, where individuals are
selected randomly (Cantu-paz 2000; Skolicki 2007) have been evaluated. While each of these
selection methods have their advantages, these methods still have the limitations of truncation
selection. In all these methods, relationships among selected genotypes are ignored and no
constraints are imposed on inbreeding rate or genetic variance among progeny which is
important for maintaining variance in the population for long-term genetic improvement
(Brisbane & Gibson 1995). Selection methods based on multi-objective framework that takes
into account multiple objectives and constraints to find solutions that are optimal trade-offs
between conflicting objectives offer several advantages over truncation selection. In the third
and fourth chapter of this dissertation, we have compared WGS on admixed populations
and island populations.
Multi-objective Optimization Based Selection
Most of the initial studies that explored the application of constrained optimization and
multi-objective optimization methods in the context of PS in breeding programs were done in
animal systems. (Wray and Goddard 1993; Brisbane & Gibson 1995; Meuwissen 1997). With
the availability of GS methods, several researchers have extended the exploration of these
methods to GS in animal breeding (Daetwyler et al. 2007; Sonesson et al. 2010; Kinghorn 2011;
Wooliams et al. 2015). The application of MOOB methods in plant breeding in the context of GS
has been investigated by Akdemir et al and Gorjanc G et al (Akdemir and Sanchez 2015;
Gorjanc et al. 2018; Allier et al. 2019d, 2019e). These three MOOB methods differ in the
specification of multi-objective functions. While the genomic mating method minimizes
inbreeding and co-ancestry and maintains a minimum expected genetic gain, the Optimal Cross
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Selection (OCS) maximizes genetic gain while assuring a specified rate at which genetic
variance is lost per cycle of recurrent selection (Akdemir and Sanchez 2015; Akdemir et al.
2018; Gorjanc et al. 2018). The genomic mating method resulted in greater long-term response
relative to GS and PS for both single trait and multi-trait selection (Akdemir and Sanchez 2015;
Akdemir D et al. 2018). Usefulness Criterion Parental Contribution based on OCS, UCPC-OCS,
accounts for within-family variance and selection intensity while implementing the OCS
strategy. UCPC-OCS method resulted in greater long-term responses relative to OCS method in
multi-parental maize breeding programs (Allier et al. 2019d, 2019e).
Genetic Algorithms (GA) can be used to solve multi-objective optimization (MOGA)
problems. In the case of MOGA, individual solutions are mapped to more than one fitness value
and objective functions are constructed to account for the multiple objectives with constraints
based on realistic breeding objectives. Solutions to MO problems fall on the pareto-optimal
frontier which refers to a set of solutions that provide optimal tradeoff between the objectives. It
effectively means the solutions on the pareto-frontier cannot be improved for any one objective
without compromising on the other objective (Goldberg 1989; Goldberg and Deb 1992; rey Horn
1997; Luque 2011).
By setting objectives for maximization of genetic contributions, genetic gain, usefulness
criteria and minimization of inbreeding in populations, it is possible to improve long-term
response relative to truncation selection on any criteria. However, in most cases the percent gain
in response with MOO approaches is relatively lower or equivalent to other methods of
maintaining population genetic diversity (Akdemir and Sanchez 2015; Gorjanc et al. 2018).
Moreover, GM and OCS methods have not been compared in a standard system for their
performance.
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1.5 Description of Dissertation Chapters
The projects described in this dissertation evaluated methods for prediction, selection of
genotypes and selection of crosses to improve genetic gains in both the short term and over many
cycles of simulated recurrent selection of soybeans adapted to maturity zones II and III in North
America.
In Chapter 2, we examined the impact of five factors and their interactions on responses
to 40 cycles of recurrent selection beginning with founders from the SoyNAM project (citation
Diers et al). The five factors include PS and four GS methods, training sets, number of QTL,
heritability and selection intensity. Response metrics included two standardized response
measures. Response standardized to maximum possible genotypic value for a given genetic
model (Rs) and Response standardized to change in genotypic variance (RsVar) that is similar to
efficiency of converting genetic gain per unit loss of genetic variance (Liu et al. 2015; Gorjanc et
al. 2018).

Interactions among the five factors significantly affect the rate of response and limits

to selection response. If GP models are not updated after initial training, bayesian parametric
methods performed better than ridge-regression and machine learning methods in terms of
prediction accuracy and limits of response to selection. If GP models are updated by re-training
using current and prior cycles of genotypic and phenotypic data, then ridge regression based GS
demonstrated greater prediction accuracies and better genetic gains in both the short term and
across all 40 cycles. Relaxed selection intensities resulted in greater responses in later cycles of
selection but at slightly lower rates of genetic gain in early cycles when compared to stringent
selection intensities.
In chapter 3, we have compared the impact of breeding strategies on responses to 40
cycles of recurrent selection beginning with founders from the SoyNAM project. The breeding
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strategies consisted of selection methods and crossing designs. The selection methods include
PS, GS, and WGS conducted simultaneously across all families of RILs sampled from the
admixed population created each cycle. In contrast, the families of RILs created every cycle
were also treated as islands and selection methods were practiced on the members of each island.
The crossing designs include the chain rule, high frequencies of the best selected lines, random
mating and ‘genomic mating’. In this study, we found that response pattern and limits of
response are distinctive when we apply selection methods to the admixed population of
RILs from application of selection methods to islands, i.e., individual families. Limits of
responses were also influenced factors such as migration policy and migration frequency
among islands. Migration direction and migration size didn’t have any significant impact
on limits to response from recurrent selection. We have also compared the potential of
WGS on a global population and within islands with exchange of lines at regular intervals.

In chapter 4, we have provided a summary of the dissertation projects and discussed
potential future work to extend the application of a few selection strategies to populations of real
soybean genotype data. The subsequent chapters describe the dissertation projects.
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Abstract
What range of responses across multiple cycles of genomic selection (GS) should public soybean
breeders expect? We applied a recurrence equation to model responses from a factorial set of
selection methods, training sets, selection intensities, genetic architectures and heritabilities
across 40 cycles of simulated recurrent selection of soybean lines derived from the Soybean
Nested Association Mapping (SoyNAM) population. The model enabled detection of statistical
significance due to selection methods, training sets, and selection intensities, which are under the
control of the breeder, as well as genetic architecture and heritability, which are not. The
estimated parameters of the model also enabled estimates of response rates, population half-lives
and genotypic values as responses to recurrent selection approach asymptotic limits. The
modeled responses revealed that both the rates of genetic improvement in the early cycles and
limits to genetic improvement in the later cycles are significantly affected by interactions among
all five factors. Even though all possible interactions significantly affected modeled responses,
there were some consistent trends. In early cycles all genomic selection (GS) methods resulted in
greater response rates than phenotypic selection (PS). Phenotypic selection produced greater
genotypic values then GS as asymptotic limits are approached in later cycles. Updating with
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training sets consisting of data from prior cycles of selection significantly improved prediction
accuracy and genetic response for all GS methods. From among the GS methods with updated
training sets, selection on estimates from Ridge Regression- Restricted Maximum Likelihood
Estimation method achieved better response rates and longer half-lives than selection on
estimates from BayesB and Bayes LASSO methods. A Support Vector Machine with a radial
basis kernel method, resulted in the fastest loss of genetic variance in the early cycles. Before
applying GS to soybean breeding populations the breeder should first explicitly determine the
objectives of the project because achieving maximum short term responses require different
combinations of selection methods, training sets, and selection intensities than combinations that
produce maximum responses at the limits of response to selection.
1. Introduction
Soybeans has been subjected to recurrent phenotypic selection for several thousand years
(Anderson et al. 2019). Current genetic improvement in commercial and public soybean breeding
integrates variety development as the evaluation phase of recurrent selection (Orf 2008). Each
cycle of selection consists of making crosses among selected lines, creating replicable
homozygous lines, evaluating the lines in replicated field trials during which poor performing
lines are discarded, and crossing the retained lines to begin a new cycle. Pedigrees of modern
soybean varieties confirm that genetic improvement of soybeans in Maturity Zones (MZs) II, III
and IV has been largely through intra-population recurrent selection (Hyten et al. 2006; Mikel et
al. 2010; Langewisch et al. 2017; Achard et al. 2020). Prior to the Plant Variety Protection Act
in 1970 (https://www.ams.usda.gov/rules-regulations/pvpa), a cycle of genetic improvement for
soybeans would require 12 to 14 years, whereas in the last 40 years commercial organizations
have invested in development of continuous nurseries including software that streamlines
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inventories and logistics of seed transfer, resulting in the capacity to complete a cycle of
recurrent selection in five years (Byrum et al. 2017; Anderson et al 2019). Thus, using current
practices a soybean breeder might experience three to five cycles of genetic improvement.
Despite reducing cycle times to less than ½ of the time required 40 years ago, yield
improvements for soybean have not doubled in the corn-soybean agricultural production region
of the United States (Mikel et al. 2010; Specht et al. 2014). To address the relatively slow
genetic improvements in soybean Genomic Selection (GS) was implemented in commercial
soybean variety development projects (Kurek, 2018). The expectation is to increase the rate of
genetic improvement by increasing selection intensity by enabling evaluation of larger numbers
of progeny without the commensurate added expense of increased numbers of field plots (Heslot
et al., 2012). However, it is well-established that increased selection intensities will reduce the
genetic potential of a breeding population through loss of useful genetic variability and
ultimately will limit responses to selection (Robertson 1960; Hill and Robertson 1968; Bulmer
1970). Recognizing the potential impact on loss of useful genetic diversity from application of
GS to elite soybean varieties, farmer-members of the North Central Soybean Research Program
(NCSRP) provided funding to public soybean breeders to identify novel QTL in public
genotypes adapted to MZ’s II, III and IV (Song et al. 2017). The project provided evidence of
novel useful genetic variability for yield, but favorable alleles were widely scattered among the
SoyNAM lines (Diers et al. 2018). Subsequently, NCSRP provided funding to use GS to
improve public germplasm and reduce the gap between public sources of novel favorable alleles
and elite commercial varieties (McHale et al. 2017). An obvious question to ask is “What range
of responses across multiple cycles of GS should public soybean breeders expect from the
SoyNAM founders”?
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After the seminal work by Bernardo and Yu (2007), crop breeders have experimentally
demonstrated the relative advantage of GS to phenotypic selection (PS) for initial cycles of
recurrent selection in barley, maize, oats, rice and wheat (Bernardo 2008, 2014; Asoro et al.
2011; Heslot et al. 2012, 2015; Nakaya and Isobe 2012; Emily and Bernardo 2013; Crossa et al.
2014; Beyene et al. 2015; Bassi et al. 2016; Marulanda et al. 2016; Jonas and de Koning 2013,
2016; Hickey et al. 2017; Goiffon et al. 2017). While these results demonstrate rapid responses
in the first few cycles of genetic improvement, they did not address the loss of genetic potential
from the founder populations, nor how the observed responses could have been affected by the
GS method, population structure, genome organization, possible training sets, etc.
Simulations have been used to demonstrate that genome organization, population
structure, genetic architecture, heritability, selection intensity, Genomic Prediction (GP) models
and composition of training sets will affect responses to GS (Habier et al. 2007; Goddard 2009;
Zhong et al. 2009; Jannink 2010; Bastiaansen et al. 2012; Bijma 2012; de los Campos et al.
2010; 2013; Wimmer et al. 2013; Howard et al. 2014; Liu et al. 2015; Michel et al. 2016). Most
studies have evaluated impacts of subsets of factors on responses across a few cycles of recurrent
selection, although a couple of studies investigated limits of responses to Recurrent GS (RGS)
across more than 20 cycles (Jannink 2010; Liu et al. 2015). Linear mixed model (LMM)
methods provide more accurate predictions and greater gains than non-parametric machinelearning methods for traits with additive genetic architecture. Prediction accuracies are similar
for all GP models applied to simulated additive genetic architectures among numbers of
genotypes typically used by plant breeders (Long et al. 2010, 2011; Guo et al. 2012; Howard et
al., 2014) although Bayesian methods provide greater responses after about 15 cycles of RGS
(Pérez and de los Campos, 2014).
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Simulations also have revealed that marker densities impact prediction accuracies and
short term genetic gains, with a dense set of markers performing better than a sparse set. There
are limits to improvements from increased marker densities that depend on linkage
disequilibrium (LD) and structure of the breeding population (de Roos et al. 2009; SchulzStreeck et al. 2012; Hickey et al. 2014; Xavier et al, 2016; Norman et al. 2018). Decreased
prediction accuracies of GP models in later cycles of RGS are associated with decay of LD
between marker loci (ML) and quantitative trait loci (QTL), loss of relationships between lines in
early and later cycles of selection or a combination of both (Habier et al. 2007; Zhong et al.
2009; Hickey et al. 2014; Liu et al. 2015; Müller and Melchinger 2017, 2018). It is possible to
offset the loss of relationships between training and validation sets as well as loss of LD, by
updating the training sets with each cycle of progeny from the selected lines (Jannink 2010; Liu
et al. 2015; Müller et al. 2017, 2018). If training data are from only the current cycle of selection,
then predictions do not take into account relationships between the current population and the
founder population or possible loss of LD. At the other extreme, data from all prior cycles of
selection can be included with data from the current cycle in the training set, but computer
memory limits can be encountered with large training sets.
Curiously, responses of RGS affected by the various factors have not been modelled.
Because responses to RGS and PS are non-linear, non-decreasing functions of discrete, i.e.,
integer values, of cycles, where the responses for each cycle after the founding generation
depend on values of the prior cycle, recurrence equations, a.k.a. difference equations (Goldberg
1958 ), should be ideal for modeling. Assuming that a recurrence equation provides a good fit to
the response values, the model should provide the ability to assign statistical significance to
hypotheses about contributions of factors to variability among responses, and the model’s
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parameters can be used to provide estimates of response rates at any point in time, estimates of
population half-lives and estimates of asymptotic limits to responses.
While current practices used in soybean breeding might require as much as five years per
cycle of selection, the development of genetic male sterility and double haploid technologies for
soybean will make it possible to conduct a cycle of RGS every year (Ortiz-Perez 2008; Davis
and Byrum, 2014). In anticipation of emerging technologies that will enable public soybean
breeders to implement GS with ever shorter cycle times, we used simulations to investigate the
impacts of selection methods (PS and GS), training sets (TS), number of QTL (nQTL),
heritability (H), selection intensity (SI) and their interactions on responses to RGS applied to a
small genetic improvement program founded on 2000 lines derived from crosses involving 20
SoyNAM founders. We employed a factorial treatment design, where each combination of
factor levels was replicated ten times in simulated RGS and RPS across 40 cycles and modeled
the responses using a first order recurrence equation. The modeled responses address the
question about the range of responses that a public soybean breeder can expect from GS applied
to lines derived from SoyNAM. Also the range of modeled responses provide a foundation for
comparing soybean GS strategies and practical guidelines for understanding trade-offs between
genetic gains in early cycles and retention of useful genetic potential for future genetic
improvement of soybeans.
2. Methods
2.1 Simulations and Treatment Design.
The impact of nQTL, SI, H, TS and SM on response to selection across 40 cycles of
recurrent selection were evaluated with a factorial design consisting of 306 combinations of
factors. In contrast to evaluating one or two variables at a time, the factorial design is widely
used to comprehensively determine factors that will optimize processes (Myers 1976; Collins et
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al. 2014; Dunn 2020). Specifically the treatments consisted of three values for number of
simulated QTL, three selection intensities, two values for non-genetic variance, five selection
methods and four types of TS used to update four GP models (Table 1). In summary the
treatment design consists of 18 combinations of factors for PS plus 288 combinations of factors
for GS methods for a total of 306 combinations of factors. Note that TS are irrelevant for PS.
Each set of factor combinations was replicated with ten simulated recurrent selection projects
across 40 cycles resulting in 3060 simulations with 122400 outcomes.
Simulated soybean lines were generated by crossing in silico 20 homozygous SoyNAM
founder lines with IA3023 to generate 20 distinct F1 progeny. The F1 progeny from each of the
20 crosses were self-pollinated in silico for five generations to generate 100 lines per family.
The resulting 2000 lines from 20 families were assessed for segregating genotypic information at
4289 SNP loci (Song et al. 2017; Xavier A et al. 2017; Diers B et al. 2018). On average alleles
from the common founder occurred at a frequency of 0.9 and alleles at the loci from all other
founder lines occurred at a frequency of 0.1.
Of the 4289 SNP markers with genotypic scores for the SoyNAM population 3818 were
polymorphic among the 20 families used as founders for the simulations. On average, 773 were
polymorphic for a family with a standard deviation among families of 34. In the initial founding
set of RILs, the average heterozygosity per SNP locus across 20 families was 0.09. ‘Gst’ is a
measure of sub-population differentiation estimated as ratio of difference between expected
heterozygosity of sub- populations to total expected heterozygosity. The average estimated Gst
value across the genome for the initial founding set of RILs was 0.32, as determined by the
‘diff_stats’ function in the mmod R package (Jombart 2008; Ryman and Leimar, 2009; Jombart
and Ahmed, 2011). Relative to previous simulation studies that used a coalescent process
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(Woolliams and Corbin, 2012; Hickey and Gorjanc, 2012; Daetwyler et al., 2013), our
simulations began with less, albeit more realistic, genetic diversity for soybeans adapted to
maturity zones II, III and IV. We also estimated Pairwise ‘Fst’ using ‘pairwise.fst’ in ‘hierfstat’
R package (Goudet 2005), which is a measure of population differentiation among pairs of
populations. It is estimated as the ratio of difference between the average of the expected
heterozygosity of the two populations and total expected heterozygosity of the pooled
populations to total expected heterozygosity of the pooled populations. Average Fst among the
20 families in simulated SoyNAM data is 0.20. Whereas the average Fst using genotypic data
from SoyNAM project among 40 families is 0.09 with a maximum pairwise Fst of 0.15 and a
minimum Fst of 0.007. Average Fst among the clusters in USDA soybean germplasm collection
is 0.22 -0.23 (Song et al 2015; Xavier 2018).
Subsets of 40, 400, and 4289 SNP loci were designated as QTL. The QTL were
distributed evenly throughout the genome, and each contributed equal additive effects of 5/-5,
0.5/-0.5, or 0.05/-0.05 units respectively to the total genotypic value of the simulated RILs. Thus,
all three genetic architectures had the same potential to create genotypic values ranging from
+200 to -200 in the initial founder sets of RILs. Positive and negative allelic effects were
simulated to alternate sequentially at QTL that are uniformly distributed across the Soybean
genetic map. Because all marker alleles are QTL alleles when there are 4289 QTL, LD between
marker alleles and QTL will not deteriorate across cycles of selection and recombination.
Phenotypic values were simulated by adding non-genetic variance sampled from an N (0, σ)
distribution to the simulated genotypic values, where σ was determined by the heritability on an
entry mean basis among the initial sets of founder sets of RILs. Broad sense heritability on an
entry mean basis (H) values of 0.7 and 0.3 were simulated for each of the three sets of QTL.
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After the phenotypic values were simulated in the initial founding RILs, the non-genetic variance
was held constant across subsequent cycles of selection.
For each cycle of recurrent selection, 1%, 2.5% or 10% of the most positive phenotypic
or predicted phenotypic values among 2000 simulated RILs, corresponding to selection
intensities of 2.67, 2.34 and 1.75, were selected to create lines for the subsequent cycle. Top
ranked lines with the greatest phenotypic or GBLUP values are mated the most to generate the
next cycle of progeny (Figure 1), referred herein as a hub network mating design (Guo et al.
2013; Guo et al. 2014). Population size was kept constant at 2000 lines for every cycle. This is
a small number compared to commercial genetic improvement projects, but a reasonable number
for resource limited public breeding projects.
Based on previous results from Howard et al (2014), four GS methods were evaluated.
Ridge Regression using restricted maximum likelihood, represented a frequentist parametric
model. Bayes-B (BB) and Bayesian LASSO (BL) represented parametric bayesian models and
Support Vector Machine with Radial Basis Kernel (SVM-RBF) represented a non-parametric
method of machine learning. Ridge regression was implemented with a method that employs
expectation maximization to obtain Restricted Maximum Likelihood estimates of marker effects
(Xavier et al. 2019). This computational method is faster than the popular implementation of
ridge regression in the rrBLUP package (Endelman 2011) and generates values that are highly
correlated with RRBLUP values from the rrBLUP package (Supplementary Figure 1). The
BGLR package (Perez and de los Campos 2014) provided implementations of BB and BL
models. The ‘Rgtsvm’ package in R was used for its implementation of the SVM with RBF
kernel method (Wang et al. 2017). ‘Rgtsvm’ implements SVM training on GPUs with computing
time several hundred times less than that required for the implementation in the ‘caret’ package
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on high performance computing clusters, and produces similar prediction accuracies and
estimates of mean squared errors (Supplementary Figure 2). The parameters used to train GP
models with R packages are provided in Table 2.
For purposes of this manuscript we use the phrase ‘model updating’ to refer to retraining
GP models with up to 14 previous cycles of training data (Supplementary Figure 3). A
preliminary analysis of TS on genotypic values and prediction accuracies was conducted using
RR-REML models trained with data from the current cycle as well as 3, 5, 8, 10, 12, and 14 prior
cycles. The results were compared with responses from the RR-REML model updated with TS’s
comprised of data from all prior cycles and a RR-REML model with no updating. Training sets
for each cycle were obtained by randomly sampling 1600 RILs from the set of 2000 simulated
RILs in each cycle. The most accurate prediction and maximum genetic response was obtained
with training data that is cumulatively added every cycle (Supplementary Figure 4 and S5). The
results indicate that 3-5 prior cycles of training data did not significantly improve prediction
accuracies and responses relative to models that were not updated. Also, the standardized
genotypic values and prediction accuracies, obtained using 10 to 14 prior cycles of data in the
TS’s, were not significantly different than results based on TS’s consisting of all prior cycles.
Based on the results of this preliminary study, we investigated responses to recurrent selection
using TS’s consisting of up to 14 prior cycles of selection as well as data from the current cycle.
After the 14th cycle, training data consisted of 14 prior cycles of recurrent selection.
2.2 Modeled Response to Recurrent Selection
The averaged genotypic value for each cycle, c, of recurrent selection was modeled with
a linear first order recurrence equation:

f 0 (c) y(c 1)  f1 (c) y(c)  g (c)

(Eqn 1)
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Where c is a sequence of integers from 0 to 39 representing each cycle of recurrent
selection from cycle 1 to 40 and f0, f1 and g are constant functions of c. By rearranging the
equation we note that the response in cycle c+1 can be represented as

y(c 1)  

f1 (c)
g (c)
y(c) +
f 0 (c)
f 0 (c)

(Eqn 2)

Since the ratios f1(c)/f0(c) and g(c)/f0(c) are constants, we can represent the response in
cycle c+1 as

y(c 1)  y(c) + 
If

(Eqn 3)

y0 specifies the average genotypic value of the first cycle of RILs derived from the

founders, then (3) has a unique solution (Goldberg 1958):
1  c
if   1
1 
yc =  c y0 + c
if   1

yc   c y0 + 

(Eqn 4)

An alternative representation of (eqn 4) for the situation of α ≠ 1 is
yc   c ( y0 - y ') + y '
with y ' 


,
1 

, where α is less than 1 for genotypic response to recurrent selection and y' represents the
asymptotic limit to selection (Goldberg 1958). To illustrate, values of the sequence of c=0 to 39
for the range of α (0.6- 0.9) and β (1.4-38) values are plotted in Figure 2. The model derived
curves can be interpreted as response to selection as a function of the frequencies of alleles with
additive selective advantage, selection intensity, time and effective population size (Robertson
1960). The parameters α and β were estimated with a non-linear mixed effects method
implemented in ‘nlme’ functions in the ‘nlme’ and ‘nlshelper’ packages (Pinheiro and Bates
2000; Baty et al. 2015; Pinheiro et al. 2019).
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Since the limits of responses are approached asymptotically, the number of cycles
required to reach half of the limits before there is no longer response to selection is referred to as
the half-life of the recurrent selection process is referred to as the half-life (Robertson 1960;
Dempfle 1974; Kang 1979; Cockerham & Burrows 1980; Kang and Namkoong 1980; Kang
1987; Kang and Nienstaedt 1987). From the first order recurrence equation, the half-life is
estimated as ln (0.5)/ln (α), when y0 is ‘0’ and the asymptotic limit is estimated as y'. When y0 ≠
0, half-life is estimated as ln (0.5 * (y’/y’-y0) / ln (α). The assumptions underlying the use of
recurrence equations and correspondence with the theory of limits described by Robertson is
provided in Supplementary File 1.

2.3 Analyses of variance (ANOVA) of Modeled Response to Recurrent Selection
The purpose of the ANOVA is to evaluate the impact of factors and their interactions on
the modeled responses to recurrent PS and GS methods. The analyses of variance used single and
multi-level nlme models with modeled (eqn 4) responses grouped by treatment factors. The
influence of multiple factor treatment combinations on estimated non-linear mixed effect models
have not been implemented in standard statistical software packages that report the analysis of
variance in terms of sums of squares and traditional ‘F-tests’. For discussions on the challenges
of using standard F-test for non-linear mixed effects (nlme) models see (Pinheiro et al. 2000;
Baty et al. 2015; Pinheiro et al. 2019). Consequently, we analyzed the variance among modeled
responses using AIC, BIC and Likelihood metrics that were grouped based on combinations of
factors consisting of selection methods, TS, SI, nQTL and simulated H.
In order to provide a balanced data table for analyses by the non-linear mixed effect
model, responses that included PS, which has no TS’s, were assumed constant resulting in a
balanced full factorial set of responses for 360 combinations of factors. The process of fitting,

45
selecting and refining mixed effects models closely followed the steps described in Pinheiro et
al. 2000; Zuur 2009 and Oddi et al. 2019). The complete description of the process used to fit
NLME models and perform ANOVA is provided in Supplementary File 2.
In the first phase of model fitting, estimates of modeled parameters from nlsList models
were retained as starting values for fixed effects. Both alpha and beta were fit only for intercept
and deviations from estimated means conditioned on grouping variables were modeled as
random effects using the ‘nlme’ R package. Multiple ANOVA of ‘nlme’ objects representing the
models were used to identify combinations of factors with significant effects on the non-linear
response model. The model with the lowest AIC score was selected as the best model. The best
random intercept model in the first phase of model fitting process M31 in Supplementary Table 1
was further refined by modelling the correlation structure.
2.4 Evaluation of Simulated Response to Recurrent Selection
While the modeled genotypic values are evaluated using half-life and asymptotic limits,
we have evaluated the simulated outcomes from recurrent selection using a set of metrics to
assess responses, population characteristics, and GP model performance every cycle of selection.
The standardized genotypic value, Rs (eqn 5), was estimated every cycle as the change in
genotypic value from the average genotypic value of 2000 RILs derived from the initial founders
and standardized to the maximum genotypic potential (200 units) among the founders
(Meuwissen et al. 2001; Liu et al. 2015).

Rs 

Rc
(Rm - R0)

(Eqn 5)

Rs - Standardized genotypic value
R0 - Average genotypic value of RILs produced by founders
Rc - Average genotypic value in cycle c – R0
Rm - Maximum possible genotypic value (=200)
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The most positive genotypic value (Mgv) among RILs selected in cycle c is a metric used
to evaluate the best RIL produced each cycle, while the standardized genotypic variance (Sgv)
defined as the estimated genotypic variance divided by the estimated genotypic variance of the
initial population, was used to evaluate the loss of genotypic variance. Note that values for the
Sgv range from zero to one.
Response standardized to change in standard deviation of genotypic values captures
genetic gain with respect to loss of genetic variance (eqn 6). The numerator term represents
change in genotypic values of a population in cycle ‘c’ from cycle ‘0’ founder population
normalized to standard deviation of genotypic values in cycle ‘0’. The denominator term
represents change in standard deviation of genotypic values from cycle ‘0’ to cycle ’c’ as a
fraction of standard deviation of genotypic values in cycle 0. This metric is similar to the metric
used to refer to efficiency of converting loss of genetic diversity to genetic gain of a selection
method in recurrent selection (Gorjanc et al. 2018). While efficiency is estimated as slope in
linear regression model with numerator as ‘y’ term and denominator as ‘x’ term in the linear part
of response curve, with Rs_Var it is possible to visualize both linear and non-linear sections of
the response curve.

Rs_var =

Gc - G0
SdG0-SdGc

 Eqn 6 

G c -average genotypic value of the set of RILs evaluated in cycle c
G 0 -average genotypic value of the founding set of RILs
SdG 0 - estimated standard deviation from genotypic values of founding set of RILs
SdG c - estimated standard deviation from genotypic values of RILS in cycle c
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Estimated Linkage disequilibrium (LD) among pairs of marker loci on all 20
chromosomes was evaluated as the deviation of observed gametic frequency of alleles at a pair
of loci from the product of the individual allele frequencies, assuming independence (Weir
1996). The R function ‘get_PG_LD_StatsGSMethods’ used to estimate pairwise LD between
markers is provided in the R package ‘SoyNAMPredictionMethods’. GP models were assessed
using the estimated prediction accuracies (rps), defined as the estimated linear correlation
(Pearson) between predicted and simulated phenotypic values and the estimated Mean Squared
Error (MSE), and defined as the mean of the squared deviations of the predicted phenotypic
values from the simulated values.
3. Analyses and Data Availability
More information on the analyses can be found in the R package
‘SoyNAMPredictionMethods’. Simulated data and code are also available as part of the
package. Supplemental material including the R package can be found at
http://gfspopgen.agron.iastate.edu/SoyNAMPredictionMethods_v2_2020.html. A complete
description of the process for fitting NLME models and ANOVA can be found in Supplementary
File 2. SoyNAM genotypic and phenotypic data are available in SoyBase (Grant et al., 2010).
4. Results
4.1 Prediction Accuracies in the Founding Sets of RILs
Estimates of prediction accuracies, rps, of GP models trained with the initial set of 2000
F5-derived RILs ranged from 0.75-0.82 for H of 0.7 and ranged from 0.38 - 0.49 for H of 0.3
(Figure 3). The initial rps for both H values was best with BB and poorest with the SVM-RBF.
The nQTL had little effect on rps within either value of 0.7 or 0.3 for H. RR-REML and BL
produced smaller magnitude MSE values than BB and SVM RBF for all numbers of simulated
QTL and both values for H (Figure 3). Accuracies are lower when GP models are trained without
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markers assigned as QTL in the training set, but follow a similar pattern as the models that are
trained with markers that are QTL. Estimates of MSE are greater or comparable for models
trained without QTL than for models with QTL (Supplementary Figure 6- 7). Average within
family prediction accuracies are less than prediction accuracies from a combined TS comprised
of RILs from all the families (Supplementary Figure 8-9). However, a combined TS
(n*population size of family) for ‘n’ families and estimated accuracies will have confounding
effects from training set size. Estimated accuracies for models trained with TS generated by
random sampling from a combined population to keep the TS size same as family size are lower
than average within family accuracies. MSE are less for combined TS than for models trained
using within family TS and sampled TS (Supplementary Figure 8-9).
4.2 Influence of Factors on Response Metrics
The averaged genotypic values were modeled (eqn 4) and the results are consistent with
theory (Figure 2). Averaged across all simulations there was rapid increase of genotypic values
across the first five cycles of selection followed by slower responses from cycles 5 to 10 and no
response after cycle 20. While there are observable general trends for each of the individual
factors, response metrics are unique for each combination of all factors (Supplementary Figure
10 -14). The most parsimonious model requires unique estimates of α, and β (eqn 4) for each of
the combinations of factors indicating that interactions among all factors have significant
influences on the responses (Supplementary Table 1). Also analyses of variance on subsets of 10
and 20 cycles of selection demonstrate that the interactions were important from the earliest
cycles (Supplementary File 3: Supplementary Table 1 & 2). Further, the relative importance of
factors on interaction effects were consistent (nQTL>SM>SI>H>TS) and significant in analyses
of variance conducted on subsets of 10 and 20 selection cycles (Supplementary Table 1).
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Among the three factors that are under the control of the plant breeder, we consider SM
as the primary factor of interest, whereas TS and SI are considered secondary factors of interest
that significantly modulate the effect of SM on response. In addition, nQTL and H, not under the
control of the plant breeder, are noted for their large and significant impacts on response metrics
(Supplementary Table 1).
4.2.1 The modeled responses were highly dependent on each of the factors, with nQTL showing
the greatest deviations from the average response (Figure 2, Supplementary Table 1). From the
modeled responses the half-life for a responsive population varied from 1.6 to 4.9 cycles for 40
QTL, whereas for 400 and 4289 QTL it ranged from 2.2 to 8.8 and 3 to 9.5 cycles respectively.
The asymptotic limits ranged from 62.85 to 159.31 for 40 simulated QTL with a mean of 113.63,
whereas for 400 simulated QTL the asymptotic limits ranged from 23.58 to 84.17 with a mean
value of 50.89. For 4289 QTL, it ranged from 6.95 to 35.00 with a mean of 17.59
(Supplementary Table 1).
Among the GS methods, SVMRBF demonstrated lower predicted genotypic values at the
response limits to and shorter half-lives (Figure 4). PS tends to result in larger values for
response at the limits with longer half-lives. RREML, BayesB and BL methods demonstrated
similar predicted genotypic values at the limits and half-lives, but showed significant variation
depending on SI, TS and H factors (Figure 4). The modeled genotypic values were also highly
correlated with the simulated genotypic values (Pearson correlation coefficient: 0.94-0.97).
4.2.2 Relative to PS, the three parametric GP models provided greater initial rates of response,
reduced population half-life and faster loss of genetic variance. Selection using the SVMRBF
consistently produced the least effective responses (Figure 5 and 6). Training sets consisting of
data from up to 14 prior cycles of selection, compared to TS’s consisting of data from only the
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current cycle of selection are observably distinctive for both the short term and long term
response metrics (Figure 5 and 6). Importantly, use of the TS’s significantly improved responses
to selection in both the short term and long term for all other combinations of factors
(Supplementary Table 1). Selection intensity is the third most important factor to affect the
response metrics (Supplementary Table 1). Consistent with theory (Robertson 1960; Hill and
Robertson 1968; Bulmer 1971,1976), greater SI’s (associated with retention of smaller
proportions of RILs to initiate subsequent cycles, were associated with more rapid response
rates, shorter half-lives, faster loss of genetic variance and significantly lower Rs values as the
population approached it’s selection response limits.
The maximum realized response for 40 simulated QTL was from 0.32 to 0.78 of
maximum genotypic potential among the founders, whereas for 400 and 4289 QTL, the realized
response was 0.12 - 0.42 and 0.04-0.17 of the maximum (Figure 5 and Supplementary Figure
15). Also if there are 40 simulated QTL, the maximum attained values are as high as 80% of the
maximum value of 200 in less than ten cycles of recurrent selection (Supplementary Figure 16 &
17). In contrast, Rs values are no greater than 40% of the maximum value and stop responding to
selection in 10-15 cycles if there are 400 simulated QTL. If nQTL = 4289, Rs values were never
greater than 15% of the maximum value and do not begin to approach a response limit until after
20 cycles.
As expected, responses to selection are associated with declining genetic variances
(Figure 7 and Supplementary Figure 18). The loss of Sgv’s across cycles is much faster with
fewer QTL than larger numbers of QTL. Likewise the estimated prediction accuracies (Figure 8
and Supplementary Figure 19) approach zero as the genotypic variance approaches zero.
Average MSE for the GP models increase across cycles of selection (Figure 9 and
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Supplementary Figure 20) and LD among markers approach zero as the genotypic variance
approaches zero, although the covariance among these response metrics depend on the other
simulated factors (Supplementary Figure 21-25).
To illustrate the impact of nQTL, consider Rs values plotted across forty cycles of
recurrent selection (Figure 5 and Supplementary Figure 15). If the genetic architecture of the
trait consists of 40 and 400 QTL, responses to selection were limited after 10-15 cycles of
selection, whereas for 4289 QTL, limits to selection responses were not realized until 30 to 40
cycles of selection.
To interpret the role of nQTL as a factor, it is important to recall that: 1) positive and
negative allelic effects were simulated to alternate sequentially at QTL (marker loci) that were
distributed across the genome according to the Soybean genetic linkage map. 2) Crossing nearly
homozygous lines and subsequently self-pollinating progeny before genotyping and phenotyping
within each cycle creates a limited number of large linkage blocks. Analyses of the number of
linkage blocks each generation reveals that regardless of the number of QTL, the number of
linkage blocks per cycle ranges from 70-90. These were not the same blocks for each simulated
set of lines each cycle, but if the nQTL equals 40, then each linkage block included all
segregating QTL. For 400 and 4289 simulated QTL, each linkage block had a net genetic effect
of zero or +/- 0.5 or +/- 0.05 multiplied by the number of QTL in the block respectively. Thus,
the nQTL might be better understood as the magnitude of genetic effects associated with
segregating linkage blocks.
The observable general trend for H, or perhaps more accurately understood as
contributions of non-genetic effects to the phenotypes, was that H values of 0.7 for the initial
phenotypic variance resulted in Rs values that were greater than H values of 0.3 (Figure 5 and
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Supplementary Figure 15). The trend in Rs values is correlated with the other response metrics,
in particular prediction accuracies of the GP models. The loss of estimated prediction accuracies
are greater with H values of 0.3 than 0.7 with relaxed selection intensities (Figure 8 and
Supplementary Figure 19). Other combinations of SI and H require model updating to provide
reasonable prediction accuracies and achieve greater responses across more cycles of selection.
For all combinations of SI and nQTL, losses of genotypic variance are greater with H values of
0.7 than 0.3 (Figure 7 and Supplementary Figure 18).
4.3 Some Specific Outcomes of Interest
For purposes of illustrating interaction effects on SM’s across all 40 cycles of selection,
consider the most relaxed SI of 1.75, associated with selecting 10% of the lines per cycle. When
GP models are not updated, BB and BL produced greater Rs values than PS in the early cycles
for all nQTL and both levels of H, whereas PS resulted in greater responses than all GS methods
after the 10th cycle (Figure 5). SVMRBF did not demonstrate any better responses than PS in
either early or late cycles for any nQTL or level of H (Figure 5, Supplementary Figure 15, 26,
and 27).
If the parametric GP models are updated with training sets consisting of data from up to
14 prior cycles of recurrent selection, responses to RR-REML demonstrated the greatest
responses (Rs) for 40, 400 and 4289 QTL across both levels of H (Figure 5, Supplementary
Figure 15 and 28). If the RR-REML model is updated with up to 14 prior cycles of training sets,
responses are larger than PS for up to 10-40 cycles depending on the number of QTL, H and SI
(Figure 5 and 6). When BB and BL GP models are updated, responses are larger than PS for up
to 5, 20 and 40 cycles for 40, 400, and 4289 QTL respectively. Similar, albeit distinctive,
comparisons among outcomes from GP models with model updating for genetic architectures
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responsible for 0.3 of the phenotypic variance in the initial sets of RILs (Supplementary Figure
28) are described in Supplementary File 4.
Relative to responses without model updating application of RR-REML and Bayesian
methods with model updating resulted in greater realization of the genetic potential of the
founders. Model updating with Bayesian methods resulted in less favorable responses than the
RR-REML. SVMRBF when updated with TS’s demonstrated no significant improvement
relative to SVMRBF without updating for all genetic architectures, levels of H and SI’s
(Supplementary Figure 27 and 28). If the genetic architecture explains only 30% of the
phenotypic variability in the initial sets of lines, the relative improvements in Rs values across
cycles using updated TS’s are better than simulated QTL that explain 70% of the phenotypic
variance (Supplementary Figure 28).
If GP models are not updated with data from up to 14 prior cycles, the Mgv’s were
consistently greater with PS than the four GS methods. Among GP models without updating, BB
provided the best Mgv, while SVM-RBF had the smallest Mgv (Supplementary Figure 16 and
17). If GP models are updated, the pattern depends mostly on the number of QTL. For initial H
values of either 0.7 and 0.3 and 40 simulated QTL, Mgv’s are similar for RR-REML, Bayesian
GP models and PS, whereas for 400 QTL, RR-REML produces greater Mgv’s than PS and
Bayesian methods. For 4289 QTL, RR-REML and Bayesian methods produce greater Mgv’s
than PS. Recurrent GS with SVMRBF produced the least desirable Mgv’s for 40, 400 and 4289
QTL.
Outcomes for other combinations of factors: Percentage gains in responses for GS with model
updating relative to response from PS for 400 QTL responsible for 30% of phenotypic variability
is provided in Supplementary Figure 29. Percentage gains in responses for GS with model
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updating relative to response from PS for all combinations of factors are provided in
Supplementary File 5. Percentage gains in responses for GS with model updating relative to
response from GS without model updating for 400 QTL responsible for 70% and 30% of
phenotypic variability is provided in Supplementary Figure 30 and 31. Percentage gains in
responses for GS with model updating relative to response from GS without model updating for
all combinations of factors are provided in Supplementary File 6.

4.3.2 Loss of Genotypic Potential and Variance In terms of lost genetic potential, every cycle of
selection reduced the maximum possible genotypic value. When GP models are not updated, the
genetic potential is lost at a rapid rate beginning in the early cycles, whereas when GP models
are updated, genetic potential is retained in the population and genetic variance decreases at a
slower rate. PS had the least loss in genetic potential relative to all four GP models without
updating. However, with model updating, the loss of genetic potential using parametric GP
models was almost the same as PS. Among the parametric GP models, RR-REML and Bayesian
methods showed similar slow losses of genetic potential with and without model updating.
SVMRBF GS had the greatest loss of genetic potential beginning with the early cycles (Figure
6).
The loss of genetic potential in early cycles determines the limits to selection response in
later cycles. For example, with 400 simulated QTL responsible for 70% of the phenotypic
variance, the maximum potential was only 50% of the maximum potential (100 units) for PS and
parametric GS methods with and without model updating. When parametric GP models are
updated, 81% and 75% of the maximum available potential are realized with RR-REML and
Bayesian methods respectively. If GP models are not updated, only 62% of the limits of the
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maximum available potential are realized with RR-REML and Bayesian methods. With PS, 78%
of maximum available potential is realized by the cycles in which the population no longer
responds to selection. With SVMRBF, only 35 % of the potential is realized with and without
updating by the cycles in which the population no longer responds to selection (Figure 6).
If GP models are updated, the standardized genotypic variance (Sgv) decreases at a rate
similar to GP models that are not updated (Figure 7 and Supplementary Figure 18). There is no
difference among GS methods in terms of rate at which Sgv decreases. Also, model updating
significantly improved estimated prediction accuracies, rps, for all GP models except SVMRBF.
Among RR-REML and Bayesian GP models, model updating has a slightly larger impact on
estimated accuracies and MSE using RR-REML than with Bayesian GP models (Figure 8, 9,
Supplementary Figure 19 and 20). MSE were orders of magnitude lesser for RR-REML than
bayesian GP models with updates after the first 10-15 cycles of selection (Figure 9 and
Supplementary Figure 20).
If models are updated using data from up to 14 prior cycles, the changes to genetic
variance among the RILs selected to be crossed, their average heterozygosity, average rate of
inbreeding, and loss of favorable alleles are similar among GS methods (Supplementary Figure
32- 35). Model updating resulted in faster loss of genotypic variance among genotypes selected
to be parental lines for the next cycle of inter-mating. The loss of genotypic variance is similar
among parametric GS methods. (Supplementary Figure 32). When there are 400 simulated QTL
responsible for 70% of the phenotypic variance, the average number of favorable alleles that are
lost across 40 cycles due to selection and drift are similar among PS and GS methods, but the
rate at which they are lost differs among selection methods for the first 20 cycles until they
converge at the same limit. SVMRBF GS showed the greatest rate of loss and PS had the least
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rate of loss while the parametric GS methods had intermediate rates of loss. By the time 40
cycles of selection have completed, model updating didn’t result in any significant difference in
rates of loss and the total number of favorable alleles that are lost (Supplementary Figure 33).
SVMRBF GS showed the greatest loss of average heterozygosity and PS lost
heterozygosity at the slowest rate, while RR-REML and bayesian GS methods lost
heterozygosity at intermediate rates. Model updating didn’t result in significant changes to rates
at which heterozygosity was lost over cycles (Supplementary Figure 34). PS showed slower rates
of inbreeding than GS methods as we would expect from the decay of standardized genotypic
variance. Average rates of inbreeding were similar among parametric GP models in the early
cycles of recurrent selection, whereas the patterns varied after there is no response to selection
(Supplementary Figure 35).
4.3.3 Response standardized to change in genotypic variance
The limiting values for RsVar (Response standardized to change in genotypic variance)
when PS is used to select the best 10% of RILS with genetic architectures consisting of 400 and
4289 QTL are greater than the limiting values using GS methods without model updates
(Supplementary Figure 36 and 37). The parametric GP models, without model updating, resulted
in similar changes of RsVar for 40, 400 and 4289 simulated QTL responsible for both 70% and
30% of phenotypic variability in the initial population. Also, if the GP models are not updated,
the rates and limits to loss of RsVar are similar among the GS methods for all nQTL and SI.
If GP models are updated with the TS’s, the patterns of RsVar are significantly different
among GS methods and are dependent on nQTL, SI and H (Supplementary Figure 36 and 37).
With 0.7 heritability, there are no significant difference in RsVar among GS methods for 40
simulated QTL. If the genetic architecture consists of 400 and 4289 QTL and relaxed selection
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intensities are practiced, the RR-REML GS method maintained genetic variance and RsVar for
more cycles than PS and the Bayesian GS methods. Relative Gain in RsVar with RR-REML GS
is even larger for 0.3 H treatment with relaxed selection intensities. SVMRBF demonstrated the
least limits of RsVar for treatment combinations with and without model updating
(Supplementary Figure 36 and 37). The plots for all the evaluation metrics discussed above for
selection intensities 2.67 and 2.34 are available on request.
For all selection methods pairwise LD among markers on the same chromosome
decreased across cycles of recurrent selection (Supplementary Figure 21-25). LD decreased
slowest with PS (Supplementary Figure 21). Loss of LD in early and late cycles of selection are
similar among parametric GP models and SVMRBF with the relaxed selection intensity. By the
20th cycle of recurrent selection, LD approached zero for all selection methods and there was no
evidence that selection methods affected linkage disequilibrium (LD) differentially in the earlier
cycles. The rates at which LD decays are lower when GP models are updated with training sets
compared to GP models without updating (Supplementary Figure 21-25).
4.4 Tradeoff for Short-term and Long-term Gains
For purposes of illustration, consider Rs values for 400 simulated QTL responsible for
70% of variability and the most relaxed SI of 1.75, associated with selecting 10% of the RILs per
cycle. A weighted ranking method can be used to select the best GS method and training set
combination for achieving short-term and long-term objectives. Considering that standardized
responses or percent gain in response relative to a common reference is the objective to be
maximized, it is possible to assign to relative weights to emphasize only the short-term or both
short-term and long-term responses depending on the program objectives. Assuming a constant
cycle time for GS with and without updates, RR-REML with model updating was the best
method for both achieving both short-term and long-term objectives followed by BB and BL
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with updates and PS (Table 3). However, when only the first ten cycles are emphasized, BL and
RREML without model updates also demonstrated equivalent responses (Table 3). Provided that
model updating requires additional cycles, GS method without updates could offer larger
gains/cycle for some treatment combinations.

5. Discussion
5.1 General Discussion
Structures of plant populations are highly dependent on the reproductive biology. Indeed,
plant breeders design genetic improvement projects based on reproductive biology. Similar to
many cereal and pulse crops, the reproductive biology of soybean is primarily through selfpollination (Wilcox et al. 1979; Fehr 1980, 1991). The frequency of natural cross pollination in
soybean is only about 0.025 (Garber et al. 1925; Caviness 1966; Carlson and Lersten 1987;
Ahrent and Caviness 1994). Because crossing soybean lines is labor intensive and expensive
soybean breeders use mating designs in which only one or two elite varieties are crossed with a
few dozen recently selected lines (Guo et al. 2013; Guo et al. 2014). We refer to this as a hub
network design. Soybean breeders subsequently take advantage of natural self-pollination to
create lines with sufficient seed for replicated evaluations across many environments.
Our simulations attempted to emulate cycles of selection, crossing, and self-pollination
currently conducted by commercial and academic soybean breeders. Relative to outcrossing
species selecting homozygotes to participate in a hub network within each cycle will have
smaller effective populations and retain LD for more cycles of recurrent selection. Future studies
are needed to determine if the significant interaction effects that we found are due to population
structure and genome organization.
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Previous publications of in silico investigations of factors affecting outcomes from RGS
have been conducted using a few factors applied to arbitrary diploid genomes, and an expected
population structure from an assumed coalescent process. To our knowledge, the research
reported herein is the first designed to reveal interactions among five factors that previously had
been shown to affect responses to selection in populations created with existing contemporary
soybean germplasm adapted to MZ’s II and III. Our ability to detect and characterize interaction
effects is enabled by use of a first order recurrence equation (eqn 4). Hopefully, our explanation
of how to implement recurrence equation models in available R packages will encourage others
to investigate recurrent genetic improvement designs. Our primary motivation for the use of nonlinear modeling in this study was to provide systematic investigation of significance of variation
in response to factors and detection of interaction effects. In the future we plan to use non-linear
recurrence models to identify breeding strategies that will optimize outcomes with respect to
competing objectives of maximizing responses to selection and retention of useful genetic
variance.
5.2 Implications for Application of GS for Genetic Improvement in Soybeans
There has been considerable concern expressed about the limited genetic variability
among soybean genotypes adapted to specific maturity zones and recurrently selected over 75
years in North America (Carter et al. 2004; Hyten et al. 2006; Mikel et al. 2010; McCouch et al.
2013). The SoyNAM founders represent a sample of contemporary breeding germplasm adapted
to and used for agricultural production in maturity zones II - IV (Song et al. 2017; Diers et al.
2018). Despite concerns about limited genetic variability, our assessment of the half-lives
suggest that even if only 40 QTL are segregating among founders of the SoyNAM panel, there is
genetic potential for response to selection for at least five cycles. If there are larger numbers of
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QTL with smaller additive effects distributed among linkage blocks of SoyNAM founders, then
we can expect half-lives to RGS for at least 10 cycles (Supplementary File 2).
Among the five factors we investigated, a soybean breeder can choose SM’s, SI’s and
TS’s. Currently, plant breeders have little control on nQTL and H, because these parameters are
determined by the sample of germplasm and environments. While it is possible to adjust the
value of H on an entry mean basis by increasing/decreasing the number of replicates (Fehr 1991),
estimating the number of segregating QTL and the magnitude of their effects is difficult and
usually extremely expensive (Beavis 1994; Goring et al. 2001; Xu 2003). For a fixed budget, the
breeder will be faced with a trade-off between numbers of replicates and numbers of lines that
can be evaluated in the field. In other words, H on an entry mean basis can be estimated, but not
adjusted without adding field plot resources. Also the nQTL and their contributions to genetic
variance can be estimated, but the estimates will be biased.
Although modulated by nQTL and H, PS consistently retained useful genetic variability
across many cycles of genetic improvement, Bayesian methods provided the fastest genetic gains
in the short term and RR-REML provided a compromise between PS and Bayesian methods.
SVM-RBF should not be considered for genetic improvement for the additive genetic
architectures in soybean population structures (Table 3). Previously others have reported that
long-term response using GS methods will be more limited than PS in closed populations
(Goddard 2009; Zhong et al. 2009; Jannink 2010). We also observed that GS without updated
TS’s result in rapid loss of genetic variance in the initial cycles, which results in lower Rs values
as responses to selection approach an asymptotic limit. When models were updated with TS’s
composed of data from prior cycles of selection, loss of prediction accuracy slowed for all values
of nQTL and H (Figure 8).
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Given similar rates of decreasing genetic variance among parametric GS methods, the
different limits to selection response are likely due to greater efficiency of retaining genetic
diversity with RR-REML for later cycles, although for many combinations of factors the limits
of response with RR-REML and Bayesian methods are about the same. Unlike previous studies,
we noted in the initial cycles of RGS genetic gains and estimates of accuracy were similar using
BL and RR-REML, whereas after 15 cycles genetic responses were not as limited with RRREML, probably because additive genetic variance was retained for later cycles of selection (Liu
et al. 2015).
Replicated responses to high values of SI quickly reach a limit in five to ten cycles of
recurrent selection. Replicated responses to lower values of selection intensity consistently result
in greater gains over more cycles, indicating that genetic drift is the most likely mechanism for
loss of genotypic variance. These constraints on plant breeding programs are well characterized
(Brisbane and Gibson 1995; Hayes et al. 2009; Jannink 2010; Hung et al. 2012; Liu et al. 2015;
Akdemir and Sánchez 2016; Yabe et al. 2016).
Model updating with TS’s from prior cycles improves the relationship between training
sets and validation sets and thus improves responses to GS without updated training sets. While
model updating doesn’t significantly change the estimated half-life, model updating did produce
greater responses standardized to the rate at which genotypic variance is lost in selected
populations with updated RR-REML GP models (Supplementary File 2; Supplementary Table
3).
The choice of which combinations of SM, SI and TS depend on the objectives of the
breeding program. If the objective is to enter and capture market share in a short time, then
maintenance of genetic diversity is not important. Averaged over nQTL and H, the greatest
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changes in Rs values, i.e., rate of genetic gain, were attained in early cycles using BayesB and SI
= 2.84, without model updating. Thus, if a soybean breeding project wants to maximize the rate
of genetic gain for a single quantitative trait in a population derived from a sample of the
SoyNAM founders, then application of the BayesB GS method and large SI is the best
combination to meet the breeding objective. If the breeding project has a long term breeding
objective to improve germplasm while maintaining useful genetic diversity for purposes such as
providing useful germplasm for future generations or evaluating genome editing, then PS or GS
with RR-REML with relaxed SI will be the best combination to meet the breeding objective. The
greatest values for Rs were attained using the RR-REML model with model updating and SI =
1.75 (Table 3). A weighted ranking method for emphasizing short-term and long-term objectives
could serve as a useful tool to determine the best SM and TS combination for each of the nQTL
and H combinations. Last if the breeding project has multiple objectives for both immediate and
longer term goals, then pareto optima among tradeoffs involving responses/cycle and retention of
useful genetic variance for multiple traits need to be identified (Akdemir et al. 2019).
5.3 Lessons for Future Simulation Studies.
In our simulations we assigned the same amount of time to develop and evaluate lines for
GS as for PS. Application of PS usually requires field trials for three years before lines are
selected for use in a crossing nursery. In practice, one of the advantages of GS relative to PS is
that only subsets of lines need to be phenotyped. Commercial soybean breeding projects have
used genotypic values obtained from GP models to cull lines in as they are being self-pollinated
and prior to the first stage of field trials (Kurek 2018). Also it is possible to train or update GP
models with lines derived in earlier filial generations thereby requiring less time per cycle (Bassi
et al. 2016). Even if both GS and PS require the same amount of time to develop lines before
phenotypic evaluation, GS methods can be conducted as soon as phenotypic information is
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available from first year field trials (Heffner et al. 2009), while PS usually requires phenotypic
evaluations for three years before lines are selected for crossing nurseries to begin a new cycle.
Herein we did not investigate the trade-offs between less accurate predictions from models
trained with less extensive phenotyping or phenotyping with lines derived in earlier filial
generations. These practical adjustments from application of GS methods to current soybean
genetic improvement projects still need to be investigated.
Accuracies of GP models in the founding set of RILs were similar to that reported in
previous studies (Long et al. 2010, 2011; Guo et al. 2012; Howard et al. 2014). However, our
estimates of accuracies are larger as we’ve included QTL in our training sets. Relationship
among selected RILs and LD between marker loci (ML) and QTL are considered the two most
important sources of prediction accuracy. In previous studies, relationship among RILs had a
greater effect on prediction accuracies for RR-REML than BL, whereas accuracy of BL was
more dependent on LD and both components showed similar contribution to the accuracy of
BayesB GP models (Habier et al. 2007; Zhong et al. 2009; Liu et al. 2015). Similar to our results
without model updating, Bayesian GS methods resulted in greater responses as the populations
approached asymptotic limits (Meuwissen 1997; Li et al. 2008; Akdemir and Sánchez 2016).
However, GP model updating reduced the difference in rate of decrease of prediction accuracies
among RR-REML and Bayesian GP models but there was no consistent pattern in relationship
among selected RILs and rate of loss for LD to explain the observed estimates of prediction
accuracies. However, GP model updating consistently resulted in lesser MSE for RR-REML than
BB and BL GP models across all levels of SI, nQTL and H. This pattern is consistent with
greater efficiency of converting loss of variance into gain with updated RR-REML GS method.
In order to estimate the contribution of LD and linkage blocks to prediction accuracy of GP

64
models will require a design similar to that employed by Müller et al. (2017, 2018) for synthetic
populations. Populations with unrelated training and prediction sets with LD and SNP based
relationship estimates showed low prediction accuracy and low genetic response in recurrent GS
similar to GS without updating in this study. Whereas populations with relationship between
training and prediction sets with LD and SNP based relationship estimates showed greater
prediction accuracy and greater genetic response similar to GS with model updating (Müller et
al. 2017, 2018).
While TS’s had relatively small impacts on response metrics, they were highly
significant. Since relatedness of TS’s and validation sets affect estimates of prediction accuracy
it has been suggested that model updating needs to be evaluated for accuracies of prediction
within and across populations (Crossa et al. 2014; Juliana et al. 2018; Stewart-Brown et al.
2019). Herein, the TS’s were comprised of a combined population of RILs derived from all
families across cycles of selection. Given a constant number of RILs in the TS’s, within or across
family prediction accuracies will depend on genetic differentiation among families (de Roos et
al. 2009; Schulz-Streeck et al. 2012; Stewart-Brown et al. 2019). However, actual soybean
breeding projects evaluate a few to many dozen RILs per family and future simulation studies,
especially of two part systems, should consider whether relationships between evaluation units,
RILs and selection units (Holland et al. 2003), possibly individuals, need to be used in design of
the TS’s.
We allowed the size of TS’s to increase every cycle by adding data from prior cycles.
Increasing the number of RILs per TS requires more computational resources. An alternative
strategy is to randomly sample subsets of data from each of the prior cycles to maintain a
constant cumulative training population size. It is also possible to assign weights to the samples
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from prior cycles to place more weight on data from more recent cycles. These possibilities
suggest determination of an optimal combination of numbers of RILs and weights that will
provide maximum prediction accuracy with minimal computational requirements. Some aspects
of this optimization problem have been addressed (Lorenz et al. 2013; Hickey et al. 2014;
Akdemir et al. 2015; Xavier et al. 2017). For example, Akdemir et al (2015) devised a genetic
algorithm for selecting optimal training populations to minimize prediction error variance and
Xavier et al (2017) developed sampling methods for training Bayesian GP models. Another
consideration is whether TS’s need to be updated every cycle. Instead of updating the model
with data from every cycle would it be more effective to retrain GP models every second third,
fourth… cycle while maintaining a constant training population size? Modifications to design of
TS’s will need to be addressed with simulations before implementation.
Like most simulation studies we fixed levels of SI as constant for all combinations of
factors across all cycles of recurrent selection. This is not consistent with actual soybean
breeding projects. Just as sampling families result in some with exceptional genotypes and some
with poor genotypes, in an actual genetic improvement project there is variability among cycles.
The effects of applying a dynamic selection strategy is an alternative and interesting question.
We hypothesize that a strategy consisting of applying different SI’s, optimized for each cycle,
will achieve improved long-term genetic response by differentially emphasizing genetic variance
and genetic gain across multiple cycles of selection.
Unlike actual soybean genetic improvement projects we simulated a closed breeding
population derived from a sample of SoyNAM founders in which culled lines were not
resampled for discarded favorable alleles, nor did we simulate exchange of lines among breeding
projects. In MZ’s II, III and IV there are six public breeding projects and about a dozen
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commercial soybean breeding projects. Thus, there is potential, depending on material transfer
agreements, to exchange genotypes among breeding populations. In our next set of
investigations migration among multiple breeding projects will be evaluated for response to
recurrent selection within and among breeding projects using island model evolutionary
algorithms (Hagan et al. 2012; Yabe et al. 2016). Results reported herein will provide
comparators for assessing impacts of migration policies relative to the other factors that affect
responses to RGS.
Also, as with prior simulation studies, we simulated truncation selection, but unlike
previous investigations we did not randomly mate selected lines each cycle. Rather, we used the
hub network design (Guo et al. 2013; Guo et al. 2014). We did not consider relationships among
selected RILs nor the trade-offs between genetic gain, genetic variance (inbreeding) when
selecting RILs to cross. There exist multi-objective optimization methods such as genomic
mating and optimal cross selection (Rutten et al. 2002; Woolliams et al. 2015; Akdemir and
Sánchez 2016; Gorjanc et al. 2018; Akdemir et al. 2019) that have been demonstrated to provide
both greater rates of genetic gain and assure maintenance of population genetic potential across
cycles.
In the future, it is possible that development of male sterile and insect pollination systems
for soybean (Ortiz-Perez 2008; Davis 2020) will enable a cycle of RGS to be conducted using
two or three mating generations per year. This will enable an alternative genetic improvement
system based on decoupling genetic improvement from variety development (Gaynor et al.
2017). By separating the two types of breeding projects, GS can be applied continuously. In the
two part system TS’s will need to be composed of genotypic and phenotypic data obtained from
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annual field trials of RILs, although the TS’s will be several selection cycles removed from the
cycle used to create the RILs.
Results reported herein suggest that RGS in a two part system will rapidly produce
genetic gains and loss of useful genetic variance in very short periods of time. Indeed, with
emerging technologies that will make it easier to intercross and obtain doubled haploid lines, 40
cycles of RGS could be completed in 12 to 20 years. To offset the shorter cycle times,
application of GP models to select and cross individual progeny instead of RILs could result in a
larger effective population size per cycle by creating more opportunities for recombination and
slow the unintended loss of valuable alleles in discarded linkage blocks. However, before
investments in development of male sterile and insect pollination systems for soybean (OrtizPerez 2008; Byrum and Davis, 2014) research using simulations are needed to understand the
trade-offs and whether the investments are justified using approaches from Operations Research
(Xu et al. 2011; Cameron et al. 2017, Han et al. 2017).
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Figure 1 Flow Chart for Simulations of Recurrent Genomic Selection. The
upper half panel represents the steps involved in generating the base population
of 2000 F5 RILs derived from 20 NAM founder lines crossed, in silico, to
IA3023. It includes the model training step for genomic prediction models. The
lower half panel represents recurrent steps of prediction, sorting, truncation
selection, crossing, and generation of F5 RILs for each cycle as well as the
decision steps to check if the training set should be updated and if the recurrent
process is to be continued for another cycle.
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Figure 2. Predicted Genotypic Values from 40 cycles of recurrent
selection modeled with the recurrence equation, where yc represents
the genotypic value in cycle c, with c= 0, 1..39 and values of α and β
range from 0.6-0.9 and 1.32-38.06 respectively for 360 combinations
of factors across all selection methods, training sets, selection
intensities, number of simulated QTL and simulated heritabilities. The
simulated QTL were distributed evenly throughout the genome, and
each contributed equal additive effects of 5/-5, 0.5/-0.5, or 0.05/-0.05
units when there are 40, 400 and 4289 QTL respectively to the total
genotypic value. The bold lines represent curves with the smallest and
largest beta values and their corresponding alpha values. The curves
are colored corresponding to 40 (pink), 400 (blue) and 4289 (gray)
simulated QTL.
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Figure 3 Estimated prediction accuracies and MSE in Founding Set of RILs: Estimated
prediction accuracies (left panel) and mean squared errors (right panel) for four genomic
prediction (GP) models: BayesB, BL (Bayes LASSO), RRREML (Ridge Regression with
REML) and SVMRBF (Support Vector Machines with Radial Basis Function Kernel) trained
with F5 RILs derived from crosses of 20 homozygous founder lines with IA3023. Phenotypes
used to train the GP models consisted of genetic architectures comprised of 40, 400 and 4289
simulated QTL (top, middle and bottom) that were responsible for 70% (blue) and 30% (red)
of phenotypic variability in the initial populations.
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Figure 4 Asymptotic limits and Half-life of Recurrent Selection for the
360 combinations of factors. Half-life is plotted on the x-axis and
asymptotic limits on the y-axis. The three major cluster of points correspond
to 40 simulated QTL (square points), 400 simulated QTL (circular points)
and 4289 simulated QTL (triangular points). Half-life and asymptotic limits
vary depending on the combination of SM, TS, SI, nQTL and H factors. The
selection methods include PS-Phenotypic Selection (green), RR-REML Ridge Regression with Restricted Maximum Likelihood (blue), BayesB
(black), BL – Bayes LASSO (red), and SVMRBF- Support Vector Machine
with Radial Basis Kernel (purple). Selection intensities include top 1%, 2.5%
and 10% selected fraction. Training sets include ‘0’, which corresponds to no
updating, and model updating with up to 10, 12 and 14 prior cycles of
training data. H includes 0.7 and 0.3 heritabilities
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Figure 5 Standardized Responses for Comparison of GS methods with and without
Updating for 0.7 H and Top 10% Selected Fraction Forty cycles of standardized responses
to selection of 10% of 2000 soybean RILs per cycle. Standardized responses are plotted by
selection methods without (left panels) and with (right panels) model updating using prior
cycles as training sets for the four genotypic prediction models. Phenotypic selection (PS) is
not updated and hence is the same in the left and right panels. The top panels consist of
responses for genetic architectures consisting of 40 simulated QTL. Middle panels consist of
responses for genetic architectures consisting of 400 simulated QTL and the bottom panels
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consist of responses for genetic architectures consisting of 4289 simulated QTL. All 40, 400,
and 4289 simulated QTL are responsible for 70% of phenotypic variability in the initial
population. PS – Phenotypic Selection, RR-REML- Ridge Regression with Restricted Maximum
Likelihood, BL – Bayes LASSO, and SVMRBF- Support Vector Machine with Radial Basis
Kernel.
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Figure 6 Average Genotypic Value and Maximum Genetic Potential for Comparison of
GS methods with and without Updating for 0.7 H and Top 10% Selected Fraction
Average genotypic value and maximum possible genotypic value in recurrent selection of 10%
of 2000 soybean RILs per cycle. The values are plotted by selection methods without (left
panels) and with (right panels) model updating using prior cycles as training sets for the four
genotypic prediction models. Plots demonstrate decrease in maximum possible genotypic
value due to loss of favorable alleles and increase in average genotypic value for 10 cycles
(upper panel) and 40 cycles (lower panel) of selection. Phenotypic selection (PS) is not
updated and hence is the same in the left and right panels. The top and bottom panels represent
genotypic values for genetic architectures consisting of 400 simulated QTL responsible for
70% of phenotypic variability in the initial population. PS – Phenotypic Selection, RR-REMLRidge Regression with Restricted Maximum Likelihood, BL – Bayes LASSO, and SVMRBFSupport Vector Machine with Radial Basis Kernel.
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Figure 7 Standardized Genotypic Variance (Sgv) for Comparison of GS methods with and
without Updating for 0.7 H and Top 10% Selected Fraction Standardized genotypic
variance without training set updating (left panels) and with training set updating using prior
cycle training data (right panels) for the four GP models. PS has no updating and hence is the
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same in both left and right panels. A) Training data from up to 14 prior cycles for 40
simulated QTL (top), 400 simulated QTL (middle) and 4289 simulated QTL (bottom)
responsible for 70% of phenotypic variability in the initial population and top 10% of RILs
with the greatest predicted values. PS – Phenotypic Selection, RR-REML- Ridge Regression
with Restricted Maximum Likelihood, BL – Bayes LASSO, and SVMRBF- Support Vector
Machine with Radial Basis Kernel.
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Figure 8 Estimated Prediction Accuracies for Comparison of GS methods with and
without Updating for 0.7 H and Top 10% Selected Fraction: Estimated prediction
accuracies with updates to the training sets used in genomic prediction (GP) models. Training
data from up to 14 prior selection cycles were used to update all four GP models for 40 QTL
(top), 400 QTL (middle) and 4289 QTL (bottom) responsible for 70% of phenotypic
variability in the initial population and top 10% of RILs with the greatest predicted values.
RR-REML- Ridge Regression with Restricted Maximum Likelihood, BL – Bayes LASSO, and
SVMRBF- Support Vector Machine with Radial Basis Kernel.
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Figure 9 Standardized Mean Squared Error for Comparison of GS methods with and
without Updating for 0.7 H and Top 10% Selected Fraction: Mean Squared Error of GP
models with updates to the training sets used in genomic prediction (GP) models. Standardized
MSE (>=1) is estimated as the ratio of MSE for GP models in cycle ‘c’ to MSE for GP models
trained with founder population of RILs. While MSE for RRREML model were lesser with model
updating, MSE for bayesian methods increased orders of magnitude in late cycles of selection with
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model updating. SVMEBF showed relatively constant MSE with and without updating. Training
data from up to 14 prior selection cycles were used to update all four GP models for 40 QTL (top),
400 QTL (middle) and 4289 QTL (bottom) responsible for 70% of phenotypic variability in the
initial population and top 10% of RILs with the greatest predicted values. RR-REML- Ridge
Regression with Restricted Maximum Likelihood, BL – Bayes LASSO, and SVMRBF- Support
Vector Machine with Radial Basis Kernel.

Table 1: Factorial Design
Factors
Number of QTL

Number of Levels
3

Heritability

2

Selection Intensity

3

Selection Method

5

Model Update:
number of prior cycles
used in training sets

4

Total Number of
unique combinations

360

Total Number of
Simulations

3600 with 10 reps
/condition

Values for Levels
40, 400, 4289
0.7, 0.3
2.67, 2.34, 1.75

i) PS- Phenotypic value
ii) GS – GP(RR-REML)
iii) GS - GP(Bayes B)
iv) GS - GP(Bayes LASSO)
v) GS – GP(SVM, Radial
basis Function Kernel)
i) 0 previous cycles
ii) 10 previous cycles
iii) 12 previous cycles
iv) 14 previous cycles
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Table 2 Packages in R for Parametric and Non-Parametric Models with Tuning
Parameters
GS Model

Package (R)

Model Tuning Parameters
(BGLR package )

Ridge Regression

REML-EM (custom R script
Xavier 2019)

EM algorithm for estimation
of parameters with REML
method without using matrix
inversion

Bayesian LASSO

BGLR (Perez et al. 2014 )

Priors for
varE (df=3,S=0.25); varU
(df=3,S=0.63);
lambda(shape=0.53,rate=5e5) type='random',value=30),
nIter=20000,
burnIn=2000,
thin=1

Bayes B

BGLR (Perez et al. 2014 )

nIter=41000, burnIn =1000,
df0=4, R2=0.7

SVM

Rgtsvm (Wang et al. 2017)

SVM with Radial basis
function kernel on GPU
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Table 3 Tradeoff Table for GS Methods with/without Model Updates Tradeoff table to
support decision for selecting the best method to achieve possible objectives including maximum
gain in 5, 10, 20, 30 and 40 cycles of recurrent selection. The methods are ranked for each of the
objectives based on percent gain in genetic response relative to phenotypic selection on nonisolated families using a hub network mating design PS with no update. Two sets of objective
weights are provided to define the cumulative relative importance of the objectives: (A) the
weighted rank of methods are estimated with emphasis only on the first 10 cycles and no
emphasis on the remaining cycles, (B) the weighted rank of methods are estimated with equal
emphasis on all forty cycles.
Cumulative Relative
Weights
for Short-term
the weighted rank
of methods
are estimated with equal emphasis on all forty cycles; (B)
Objectives

0.5

1

0

0

0

Rs (Rank of method) in Cycle
5

10

20

30

40

Weighted Rank Selection Method - Training
Set
1

RR-REML-14

0.17 (3)

0.31 (1)

0.4 (1)

0.4 (1)

0.41 (1)

2

BayesB-14

0.17 (2)

0.3 (2)

0.38 (2)

0.38 (4)

0.38 (4)

3

BL-14

0.17 (1)

0.3 (3)

0.38 (3)

0.38 (5)

0.37 (5)

4

RR-REML-0

0.15 (4)

0.25 (6)

0.31 (6)

0.31 (8)

0.31 (8)

5

BL-0

0.15 (8)

0.24 (8)

0.3 (8)

0.31 (8)

0.31 (8)

0.5

0.75

1

Cumulative Relative
Weights for Short-term and
Long-term Objectives

0.125

0.25

Rs (Rank of method) in Cycle
5

10

20

30

40

Weighted Rank Selection Method - Training
Set
1

RR-REML-14

0.17 (3)

0.31 (1)

0.4 (1)

0.4 (1)

0.41 (1)

2

BayesB-14

0.17 (2)

0.3 (2)

0.38 (2)

0.38 (4)

0.38 (4)

3

BL-14

0.17 (1)

0.3 (3)

0.38 (3)

0.38 (5)

0.37 (5)

4

PS

0.15 (7)

0.27 (5)

0.37 (5)

0.39 (3)

0.39 (3)

5

RR-REML-0

0.15 (4)

0.25 (6)

0.31 (6)

0.31 (8)

0.31 (8)
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Abstract

Plant breeding is a decision making discipline based on understanding project objectives.
Genetic improvement projects can have two competing objectives: maximize rate of genetic
improvement and minimize loss of useful genetic variance. For commercial plant breeders
competition in the marketplace forces greater emphasis on maximizing immediate genetic
improvements. In contrast public plant breeders have an opportunity, perhaps an obligation, to
place greater emphasis on minimizing loss of useful genetic variance while realizing genetic
improvements. Considerable research indicates that short term genetic gains from Genomic
Selection (GS) are much greater than Phenotypic Selection (PS), while PS provides better long
term genetic gains because PS retains useful genetic diversity during the early cycles of
selection. With limited resources must a soybean breeder choose between the two extreme
responses provided by GS or PS? Or is it possible to develop novel breeding strategies that will
provide a desirable compromise between the competing objectives? To address these questions,
we decomposed breeding strategies into decisions about selection methods, mating designs and
whether the breeding population should be organized as family islands. For breeding
populations organized into islands decisions about possible migration rules among family islands

94
were included. From among 60 possible strategies, genetic improvement is maximized for the
first five to ten cycles using GS, a hub network mating design in breeding populations organized
as fully connected family islands and migration rules allowing exchange of two lines among
islands every other cycle of selection. If the objectives are to maximize both short-term and longterm gains, then the best compromise strategy is similar except a genomic mating design, instead
of a hub networked mating design, is used. This strategy also resulted in realizing the greatest
proportion of genetic potential of the founder populations. Weighted genomic selection applied
to both non-isolated and island populations also resulted in realization of the greatest proportion
of genetic potential of the founders, but required more cycles than the best compromise strategy.

1. Background
Historical responses to selection of commodity crops has been enabled by decreasing the
number of years between cycles of recurrent selection, by increasing the number of replicable
genotypes (selection intensity) and by increasing the number of field trials (heritability on an
entry mean basis). In other words, genotypic improvements from responses to selection in
commodity crops over the last 50 years (Specht et al. 2014) required monetary investments that
became part of the exponential rise in seed costs during the same time (Byrum et al. 2017;
USDA-ERS 2020). Since the emergence and adoption of Genomic Selection (GS), it has been
possible to increase the numbers of genotypes that are evaluated, i.e., selection intensity, without
significant increases in numbers of field plots (Bernardo 2007, 2008; Asoro et al. 2011; Heslot
et al. 2012; Nakaya and Isobe 2012; Emily and Bernardo 2013; Crossa et al. 2014; Beyene et al.
2015; Bassi et al. 2016; Marulanda et al. 2016; Jonas and de Koning 2016; Hickey et al. 2017;
Goiffon et al. 2017).
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In a companion manuscript we reported an investigation of various factors on response
metrics to recurrent selection of soybean lines derived from founders of the SoyNAM population
(Ramasubramanian and Beavis 2020). The combinatorial set of factors consisted of phenotypic
selection (PS) and four commonly used GS methods, training sets (TS), selection intensity (SI),
number of QTL (nQTL), and heritability (H) on an entry mean basis. While interactions among
all factors affected all response metrics, only the impacts of GS methods, SI and TS are factors
that plant breeders can control. All GS methods provided greater responses than PS for at least
five cycles, but PS provided better responses to selection as response from GS methods reached a
limit. These results are consistent with reports by Goddard (2009), Jannink (2010) and Liu et al.
(2015) demonstrated that the full genotypic potential of the founders is eliminated more quickly
with GS than PS. In terms of factors that a soybean breeder can control, we found that SI’s of
1.75 and use of Ridge Regression Genomic Prediction (RRGP) models updated every cycle with
training data from all prior cycles of selection provided rapid response in the early cycles of
selection and retention of genetic diversity for continued response to selection in later cycles, but
we noted that further improvements might be made if the populations were organized into islands
and mating designs other than the hub network were employed (Ramasubramanian and Beavis
2020). Herein we investigate strategies that soybean breeders can employ to find optimal tradeoffs between maximizing genetic gain from selection and retaining useful genetic diversity.
The challenge of realizing genetic gains from selection and retaining useful genetic
diversity in closed populations has been of interest since it was demonstrated that there are
theoretical limits for response to selection in closed populations (Hill and Robertson 1968;
Bulmer 1971). Trade-offs among objectives don’t prohibit finding optima as long as optimality is
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defined as a compromise among competing objective functions (Deb 2003; Konak et al. 2006;
Shoval et al. 2012; Sheftel et al. 2013; Saeki et al. 2014).
Before the development of GS, quantitative geneticists working on domestic animal
systems utilized mathematical programming modeling and operations research (OR) approaches
to find near-optimal solutions to the challenge of assuring genetic gain and minimizing
inbreeding per cycle of selection (Wray and Goddard 1994). The first publication using OR
approaches to address multiple objectives in plant breeding was applied to selection of multiple
traits (Johnson et al. 1988). Generally OR approaches involve three activities: 1) define
objectives using measurable metrics, 2) translate the objectives into mathematical programming
models consisting of objective functions, decision variables and constraints, 3) find an algorithm
that will provide values for the decision variables resulting in optimal solutions to the
mathematical programming model (Rardin 2017).
If the genetic improvement project wants to assure genetic gain and retain useful genetic
diversity then there are two competing objectives for which a trade-off needs to be optimized.
This represents an example of a multi-objective optimization (MOO) problem (Deb 2003, 2011;
Rardin 2017). After translating each of the objectives into an objective function, there are
several strategies for finding the optimal solution (Deb 2003). The two most commonly used
strategies are known as the ε -constraint and the weighted sum. The ε -constraint method
consists of identifying one of the objectives, e.g., maximize genetic gain, and translate other
objectives, such as minimize inbreeding, into decision variables that can be constrained in a
linear, integer or quadratic mathematical programming model (Haimes 1971). In other words,
translate the MOO mathematical model into a Single Objective Optimization (SOO) model for
which there exist computational algorithms capable of finding the optimum solution (Frank and
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Wolfe 1956; McCarl et al. 1977; Lazimy 1982). Framing the ε -constraint method requires
definition of metrics for genetic diversity or inbreeding. In animal breeding this method became
known as Optimum Contribution Selection (OCS: Wray and Goddard 1994; Brisbane and
Gibson 1995; Meuwissen 1997; Grundy et al. 1998; Meuwissen et al. 2001). Subsequent to
development of GS, OCS was modified to maximize Genomic Estimated Breeding Values
(GEBVs) and the realized relationship matrix was used to constrain inbreeding in what became
known as Genomic OCS (GOCS) (Sonesson et al. 2010; Schierenbeck et al. 2011; Woolliams et
al. 2015).
The second well-established approach to a MOO challenge is known as the weighted sum
method. The weighted sum method assigns weights, i  [0, 1] and  i =1, to each of the ‘i’
objective functions and an algorithm is employed to find the values for the decision variables
that minimize all objective functions simultaneously (Zadeh 1963). Breeders will recognize the
weighted sum method as a selection index composed of weighted parameters for genetic gain
and inbreeding, or equivalently genetic diversity. If genomic information is available, GEBV’s
can be used to maximize genetic gain and the realized relationship matrix can be used to
minimize inbreeding resulting in a genomic selection index (GSI) that can be calculated for all
genotypes. (Carvalheiro et al. 2010; Clark et al. 2013).
Both ε-constraint and weighted sum methods are referred to as preference methods (Deb
2003) where the constraints or relative weights have been predetermined. For defined
preferences there exist exact optimization algorithms if Karush-Kuhn-Tucker (KKT) conditions
are met (Karush 1939; Kuhn and Tucker 1951). An exact optimization solution guarantees that
no other feasible solution will be a better solution for the specified set of constraints or weights.
Unfortunately, it is difficult to predetermine these values because they require forecasting the
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relative economic values of genetic gains and retention of useful genetic diversity. For
commercial plant breeding projects competition in the marketplace will force much greater
emphasis on maximizing genetic gains than retaining genetic diversity. In contrast public
soybean breeders have an opportunity, perhaps an obligation, to retain useful genetic diversity
while realizing genetic gains for quantitative traits of agronomic importance. Because each plant
breeding project has unique relative trade-offs, evolutionary algorithms (EAs) have been adopted
to provide multiple solutions on an efficient (Pareto) frontier of solutions to competing
objectives (Deb 2003, 2011; Konak et al. 2006). Decision makers then decide which of the
solutions have the appropriate relative emphasis on the competing objectives.
Genetic algorithms (GAs) are a class of EAs that are based on recurrent selection of
breeding populations and were developed to find computational solutions to large combinatorial
problems (Goldberg 1989; Luque 2011). In a canonical GA, selected solutions are pooled
together into a set of solutions. Subsequently the individual solutions are randomly sampled for
pairwise “matings” to create a new set of solutions for evaluation and selection. The algorithm is
iterated until there are no improvements in the sets of solutions. Computational analogs of
mutation or recombination, are utilized to move from local optima to global optima. A subclass
of GAs, known as parallel GAs maintain structure among subsets of individual solutions and
enable the subsets to independently find different solutions for different domains (Luque 2011).
The parallel GA system is analogous to the concept of genetic subpopulations (Falconer and
Mackay Figure 3.2, 1996). Island Model GAs allow for exchange of solutions among
subpopulations. Island model GAs (IMGAs) are distinct from canonical GAs in terms of
properties and behavior because evolution happens locally, within island, and globally, among
islands. Island model parameters consist of number of islands, island size, selection pressure
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within each islands, numbers of migrants, migration frequency, connectedness or topology of
islands and emigration and immigration policies among islands (Whitley 1999; Skolicki 2007 a,
b).
Rather than investigate the trade-off between objective functions, Jannink (2010)
proposed that it would be possible to retain useful genetic diversity in GS by weighting low
frequency alleles with favorable estimated genetic effects. Simulations with Weighted Genomic
Selection (WGS) resulted in greater responses across 24 selection cycles of recurrent selection
than unweighted GS, using RRBLUP values, for both low and high heritability traits. However,
the initial rates of response using WGS were less than responses from application of PS and less
than GS. The response using WGS was better than response from PS after twenty cycles of
selection, but the responses relative to GS depended on the number of simulated QTL and
heritability. Decay of LD between marker and QTL is one of the factors that can slow responses
using GS relative to PS (Hickey et al. 2014; Xavier et al. 2016), although decay of LD did not
contribute to responses in the initial cycles using WGS. The rate of inbreeding per cycle is also
greater with GS than with PS, whereas it is similar to PS when WGS is applied. The rate of
fixation of favorable alleles is lower for WGS than GS resulting in larger numbers of cycles of
genetic improvement before response to selection reaches a limit (Jannink 2010). Efforts to
balance the response in early cycles and later cycles have included addition of parameters to
WGS (Sun and Van Raden, 2014) and dynamic weighting of rare alleles depending on the time
horizon for the breeding program (Liu et al. 2015). Low frequency favorable alleles are given
greater weights, drawn from a Beta distribution, in initial cycles, and the weights tend towards
unity as the number of cycles of selection approaches a predefined time horizon. This shifts the
balance towards retaining greater genetic variance in earlier cycles.
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The applications of GS, GOCS, GSI and WGS assume that selected individuals will be
randomly mated. Typically, plant breeders do not randomly mate selected genotypes, rather
most use selected genotypes that exhibit the most desirable selection metrics, e.g., GEBVs, to
serve as “hub” parents in networked crossing designs (Guo et al. 2013; Guo et al. 2014). Such
Hub-Network (HN) mating designs (MD’s) apply greater weights to genetic contributions from
hub genotypes resulting in amplified loss of genetic diversity relative to random mating by
reducing the effective population size.
As soybean breeders have become aware of the potential impacts due to loss of genetic
diversity from use of GS, they have used various ad hoc methods to avoid crosses between
related genotypes (Diers, Graef, Lorenz, Cianzio, Singh, personal communications). After
quantitative geneticists working on animal breeding systems demonstrated that it is possible to
use the GSI strategy with an EA to identify optimal pairs of mates (Kinghorn 2011; Pryce et al.
2012; Woolliams et al. 2015), plant quantitative geneticists developed and investigated various
versions of GSI and GOCS for plant breeding (Akdemir and Sanchez 2016; Lin et al. 2017;
Cowling et al. 2017; Beukelaer et al. 2017; Gorjanc et al. 2018; Allier et al. 2019). Notice that
the computational demand to find the optimum on the non-decreasing efficiency frontier created
by all possible constraint values or relative weights in all NC 2 mating pairs is particularly well
suited for application of EA’s. Also, it should be noted that Akdemir and Sanchez (2016)
referred to their implementation of GOCS as efficient GS. Last, we note that optimal mate
selection has been referred to as optimal cross selection in plant breeding applications (Gorjanc
et al. 2018; Allier et al. 2019), unfortunately with the same acronym as OCS. To distinguish
optimal cross selection from optimal contribution selection, we do not use an acronym for
optimal cross selection.
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In addition to evaluating traditional PS, GS, and GOCS, Akdemir and Sanchez (2016)
proposed and evaluated a novel mathematical programming model, referred to as genomic
mating (GM). They formulated the problem as minimizing a linear function of inbreeding plus a
negative risk function for the realized relationship matrix of Np possible parents. Inbreeding is a
function of the expected genetic diversity among Nc progeny from the Np parents and is weighted
by a parameter that controls allelic diversity among all Np parents. Risk is determined for each
cross as the sum of the expected breeding values of the progeny plus the expected standard
deviations of marker loci weighted by a parameter that controls allelic heterozygosity of the
relative contributions of the marker loci to the GEBVs. Thus, risk is similar to the usefulness
criterion defined by Schnell (1983 as cited in Melchinger et al. 1988) of a selected proportion of
the population and the weighting parameter reflects the breeders’ emphasis on its importance.
They demonstrated that their GM formulation is equivalent to an optimization problem of
minimizing inbreeding subject to defined level of risk, denoted
calculate risk and inbreeding for the range of acceptable
parents, i.e.,

( N pC 2 )

Nc

. The solution needs to

values for Nc progeny from Np

/ Nc! (Akdemir and Sanchez 2016) developed a Tabu-search GA to

determine the efficiency frontier between inbreeding and risk. In an updated version, (Akdemir
2018) used a GA to find the complete set of non-dominated solutions (Deb 2003, 2011) that
comprise the efficiency frontier for the three criteria of Gain (G), Inbreeding (I) and Usefulness
(U) values in the objective function. This allows selection of a subset of solutions for evaluation
obviating the need for conducting a grid search across all possible values.
Akdemir and Sanchez (2016) demonstrated the utility of their genomic mating approach
using simulations of recurrent selection beginning with two founders for a trait composed of
simple additive genetic architecture. The QTL were evenly distributed across a simulated
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genome consisting of three diploid linkage groups. Their results indicated that the efficiency
frontier can be selected to produce responses across 20 cycles that were better than PS and as
good as GS and GOCS for the first five to seven cycles and better than PS, GS and GOCS
thereafter (Akdemir and Sanchez 2016). They did not include WGS for comparison in their
study.
Recognizing that IMGA’s are very efficient at finding global optima Yabe et al (2016)
suggested that computational island models could be used to create efficient and effective
breeding plans for plant breeders. Even though computational IMGA’s allow the software
developer to change mutation and recombination rates, which are not under the control of plant
breeders, structures of breeding populations based on island models could offset loss of useful
genetic variability through regulation of exchange of genotypes among sub-populations. It is not
unusual for plant breeders of crops that are easily self-pollinated to routinely evaluate, select and
recurrently cross lines derived from one or two specific bi-parental crosses. In the vernacular of
commercial soybean and maize breeders this is known as “working a population”. Yabe et al
(2016) demonstrated GS on populations organized as islands of families provided greater
response to selection than GS after the seventh of 20 cycles of RGS. Their founder population
consisted of lines derived from in silico crosses of six homozygous rice lines with an elite rice
variety. They isolated the six families of RILs for recurrent selection using GS with no or
occasional exchange of selected lines among the family islands. While their results appeared to
be similar to WGS, they did not compare their results with WGS. They also suggested that the
trade-off between genetic gain and retention of useful genetic variance could be improved by
adjusting the number and frequencies of migrants among sub-populations.
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Inspired by Akdemir and Sanchez (2016) and Yabe et al (2016), we hypothesized that a
breeding strategy that organized the breeding populations as island families and utilized a
genomic mating MD would provide small soybean genetic improvement projects with the ability
to minimize the trade-offs between maximizing genetic gain and minimizing loss of useful
genetic variability. Within the IM organized populations we evaluated three migration policies
among the families. For both non-isolated and island models we applied three selection methods
and four mating designs. To evaluate the potential of these combinations of methods to realize
genetic gains while retaining useful genetic diversity, we compare outcomes from simulated
recurrent selection applied to contemporary soybean germplasm adapted to MZ II and III using a
set of metrics (Ramasubramanian and Beavis 2020). The metrics include the standardized
genotypic value (Rs), the most positive genotypic value (Mgv) among RILs selected in cycle c,
the standardized genotypic variance (Sgv), the average expected heterozygosity (Hs), the lost
genetic potential of populations based on the number of favorable alleles that are lost.

2. Methods
2.1 Simulations.
Initial sets of soybean lines were generated by simulating crosses of 20 contemporary
homozygous lines representing diversity of soybean germplasm adapted to MZ’s II and III with
IA3023 to generate in silico F1 progeny (Ramasubramanian and Beavis 2020). Individual F1’s
from each of the 20 crosses were self-pollinated in silico for four generations to generate 100
lines per family forming populations of 2000 lines organized into 20 families with genotypic
information at 4289 genetic loci (Song et al. 2017). Thus the genetic structure of the initial
simulated populations is similar to that used in the experimental SoyNAM investigation (Guo et
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al. 2010; Takuno et al. 2012; Song et al. 2015; Song et al. 2017; Xavier A et al. 2017; Diers B et
al. 2018).
As reported previously (Ramasubramanian and Beavis 2020), there were 3818
polymorphic loci in the combined population of 20 families and an average of 773 polymorphic
loci within each of the families for the initial founding sets of lines. The variance among
families was ~ 34 polymorphic loci. Across the 20 families of cycle 0 (C0) lines, average
expected heterozygosity was 0.09 with an estimated variance of 4.4*10-7 among families. The
average estimated Gst value across the genome for the initial founding set of RILs was 0.32, as
determined by the ‘diff_stats’ function in the mmod R package (Jombart 2008; Ryman and
Leimar 2009; Jombart and Ahmed 2011; Ramasubramanian and Beavis 2020). Average pairwise
‘Fst’ estimated using ‘pairwise.fst’ in ‘hierfstat’ R package (Goudet 2005) among the 20 families
in simulated SoyNAM data is 0.20. Pairwise ‘Fst’ is a measure of population differentiation
among pairs of populations, which is estimated as the ratio of difference between the average of
the expected heterozygosity of the two populations and total expected heterozygosity of the
pooled populations to total expected heterozygosity of the pooled populations. Whereas the
average Fst using genotypic data from SoyNAM project among 40 families is 0.09 with a
maximum pairwise Fst of 0.15 and a minimum Fst of 0.007 (Ramasubramanian and Beavis
2020).

2.2 Combinations of Factors.
We evaluated 60 combinations of factors (Table 1) that could influence responses to
recurrently selected populations derived from a set of founder genomes representing the diversity
of contemporary soybean germplasm adapted to MZ II and III in North America (Mikel et al.
2010; Diers et al. 2018). The treatment factors included structure of breeding populations,
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selection method, and mating design. The structure of the breeding populations included
organizing 20 sub-populations representing the original 20 founder families, referred to as family
islands (FI), and populations in which the family structures were not retained after the initial
founder population was created, referred to as non-island (NI) populations.
Previously we demonstrated that development of homozygous lines for phenotypic
evaluation will limit the numbers of segregating linkage blocks with effective QTL effects each
cycle of selection (Ramasubramanian and Beavis 2020). Consequently, we chose to designate
only 400 polymorphic marker loci as simulated QTL. The QTL were distributed uniformly
among the SNP loci and each contributed equal additive effects of ±0.5 units to the total
genotypic value of a line. Thus, cycle C0 lines derived from the founders had an average
genotypic value of zero and the potential to create genotypic values ranging from -200 to +200.
Phenotypic values were simulated by adding non-genetic variance sampled from an N (0, σ)
distribution to the simulated genotypic values, where σ was determined by the heritability.
Herein we report only simulated broad sense heritability values on an entry mean basis of 0.7.
The non-genetic variance was held constant across subsequent cycles of selection. Thus,
heritability is expected to decline with every cycle of selection due to the loss of additive genetic
variance.
Phenotypic selection (PS), genomic selection (GS) and weighted genomic selection
(WGS) were applied recurrently to both population structures. Recurrent selection applied to the
non-island populations consisted of ranking all lines in a given cycle (Figure 1) according to the
selection metric and retaining 10% for crossing to create the next cycle of lines. In terms of
standardized selection differential, this corresponds to a selection intensity, 1.75. For selection of
lines organized into FI’s, 10% of the lines are selected within FI’s (Figure 2). Subsequently, 20%
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of lines might be migrants from other FI’s depending on migration rules (Table 1). Metrics used
for selection include simulated phenotypic values for PS, genome estimated breeding values
(GEBVs) for GS and weighted genome estimated breeding values for WGS. We used the
weighting function used by Jannink (2010) for estimating weighted genome estimated breeding
values. The weighting functions are provided in Supplementary Table 1. Previous results
indicated that among GS methods, Ridge Regression (RR) provided the best compromise
between short term and long term responses (Ramasubramanian and Beavis 2020), thus we only
used RR to train GP models for GS. RR was implemented with a method that employs
Expectation Maximization to obtain Restricted Maximum Likelihood Estimates of marker effects
(Xavier 2019).
For both GS and WGS the training models were updated every cycle of selection with
data sets from all prior cycles. Since average within family prediction accuracies are lesser than
prediction accuracies from a combined TS comprising of RILs from all the families
(Ramasubramanian and Beavis 2020), we used a combined TS comprising of RILs from all the
families. Training sets for each cycle were obtained by randomly sampling 1600 lines from the
set of 2000 lines for each cycle. The most accurate predictions and maximum genetic responses
were obtained with training data that is cumulatively added every cycle. For purposes of this
manuscript, model updating refers to retraining the model with data from the current cycle as
well as all prior cycles that were cumulatively added.
Subsequent to selection, four mating designs were applied to create the next cycle of lines
(Table 1). To simulate theoretical truncation selection, selected lines were randomly mated
(RM). The chain rule (CR), a.k.a., a single round-robin mating design (Yabe et al. 2016), is an
alternative to RM that assures all selected lines contribute to the subsequent cycle of evaluation

107
and selection. In contrast to the attempt to assure equal representation of selected lines through
RM and CR, most soybean breeders use a mating design that assures most progeny will be
derived from crosses of a few lines that exhibit the most desirable performance (Guo et al. 2013;
Guo et al. 2014). Because the metaphor of hubs with spokes represents the preference for
crossing most selected lines to a few “hub” lines, we refer to this mating design as a hub network
(HN) and is the mating design used in our previous investigation (Ramasubramanian and Beavis
2020). The fourth mating design, genomic mating (GM), uses mathematical objective functions
to assure that defined breeding objectives are used to identify pairs of crosses from among the
selected lines. Genomic Mating was implemented with the ‘Genomic Mating’ R package
(Akdemir et al. 2018). As originally described GM combines selection and mating in a single
step, but we decomposed the steps to provide comparable outcomes from all other combinations
of selection methods, mating designs and organized populations. One of the implications is that
all the selected lines are crossed in the GM method as in the CR method, however the
contributions are optimized to minimize rate of inbreeding while maximizing gain.
2.2.1 Genomic mating in non-isolated families. In a selected set of 200 lines there are
200C2 (19900) combinations of parental pairs. To solve the objective function w.r.t an initial
population of parental pairs, 250 initial populations of 200 combinations of parental pairs are
sampled from 19900 combinations (19900C200) for the GA algorithm to solve.
2.2.2 Genomic mating in populations organized as family islands. In island selection, ten
lines are selected from each of the 20 family islands. Within each island 45 (10C2) combinations
of parental pairs are possible (Supplementary Figure1). To solve the objective function w.r.t an
initial population of parental pairs, 250 initial populations of 10 combinations of parental pairs
are sampled with replacement to keep the population size equal to the NI populations for the GA
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algorithm. For each of the 20 families, the GA algorithm is applied to the initial subset of 250 out
of all possible combinations (45C10). The other parameters for the GA algorithm are the same
for both NI and FI populations. The GA algorithm selects non-dominated elite solutions (Deb
2003, 2011) and mates of non-dominated elite solutions for 50 iterations with a mutation
probability of 0.8 (Supplementary Figure1). Examples of pseudocode are provided in (Akdemir
and Sanchez 2016) and the Genomic Mating R package manual (2018). It is important to note
that the parameters values in the GA algorithm can be optimized and the set of solutions in the
pareto-front can be explored for better solutions by other methods such as NSGA-II, NSGA-III,
SPEA-1, SPEA-2 and other recent improved versions of GA for better convergence rate and
quality of solutions, determined by the proximity to global optimum (Deb 2011; Seada and Deb
2018) (Supplementary Figure1).
2.3 Migration Rules among Family Islands.
In addition to applying selection methods and mating designs to both population
structures, there are many possible rules that affect migration among islands. A preliminary
investigation of migration rules that was implemented included: 1) Frequency of migration never, once every two cycles and every cycle of recurrent selection. 2) The proportion (10% and
20%) of immigrants that will be included in crosses responsible for creating the next cycle of
lines. 3) Migration can be either in one direction or it can be reciprocal among family islands.
Based on the preliminary investigation, we decided to set migration rules bi-directional
migration between both immigrant and emigrant islands of two lines once every other cycle of
selection.
2.3.1 Migration Policies among family islands included three levels included “Best
Island” (BI), “Random Best” (RB), and “Fully Connected” (FC). Migration policy (MP) refers to
the nature of island topology specifying connections between emigrant and immigrant islands.
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For the BI policy, emigrant lines are selected from the island with most desirable genotypic value
and the selected lines can emigrate to no more than 10 islands. Given a bi-directional migration
rule, the emigrant island also receives two immigrants from the islands that received the
emigrants. For a RB policy, an emigrant island is selected randomly from a set of islands with
high genotypic values, while the migration pattern itself is similar to BI policy. For the FC
policy, every island is connected to every other island and lines migrate from emigrant islands
with high values to randomly selected immigrant islands (Supplementary Figure2).
Note that migration factors are irrelevant for populations that did not maintain the
structure of FIs and they are irrelevant for FI’s that do not experience migration. Thus the
treatment design is not a complete factorial, rather the complete set is comprised of responses for
60 combinations of factors.
2.4 Modeled Response to Recurrent Selection.
The averaged genotypic value for each cycle, c, of recurrent selection was modeled with
a linear first order recurrence equation:

f 0 (c) y(c 1)  f1 (c) y(c)  g (c)

(Eqn 1)

Where c is a sequence of integers from 0 to 39 representing each cycle of recurrent
selection from cycle 1 to 40 and f0, f1 and g are constant functions of c. By rearranging the
equation we note that the response in cycle c+1 can be represented as

y(c 1)  

f1 (c)
g (c)
y(c) +
f 0 (c)
f 0 (c)

(Eqn 2)

Since the ratios f1(c)/f0(c) and g(c)/f0(c) are constants, we can represent the response in
cycle c+1 as

y(c 1)  y(c) + 

(Eqn 3)
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If

y0 specifies the average genotypic value of the first cycle of RILs derived from the

founders, then (3) has a unique solution (Goldberg 1958; Ramasubramanian and Beavis 2020):
1  c
yc   y0 + 
if   1
1 
yc =  c y0 + c
if   1
c

(Eqn 4)

An alternative representation of (eqn 4) for the situation of α ≠ 1 is
yc   c ( y0 - y ') + y '
with y ' 

(Eqn 5)


,
1 

, where α is less than 1 for genotypic response to recurrent selection and y' represents the
asymptotic limit to selection (Goldberg 1958; Ramasubramanian and Beavis 2020). An
illustration of the values of the sequence of c=0 to 39 for a range of α and β values can be found
in our previous study (Ramasubramanian and Beavis 2020). The model derived curves can be
interpreted as response to selection as a function of the frequencies of alleles with additive
selective advantage, selection intensity, time and effective population size (Robertson 1960).
The parameters, yo, α, and β, were estimated with a non-linear mixed effects method
implemented in ‘nlme’ functions in the ‘nlme’ and ‘nlshelper’ packages (Pinheiro and Bates
2000; Baty et al. 2015; Pinheiro et al. 2019).
Since the limits of responses are approached asymptotically, the number of cycles
required to reach half of the limits before there is no longer response to selection is referred to as
the half-life of the recurrent selection process is referred to as the half-life (Robertson 1960;
Dempfle 1974; Kang 1979; Cockerham & Burrows 1980; Kang and Namkoong 1980; Kang
1987; Kang and Nienstaedt 1987). From the first order recurrence equation (5), the half-life is
estimated as
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t1 / 2  ln(0.5) / ln( )

(Eqn 6)

, when y0 is ‘0’ and the asymptotic limit is estimated as y' (Ramasubramanian and Beavis
2020).

2.5 Analyses of variance (ANOVA) of Modeled Response to Recurrent Selection.
ANOVA is used to evaluate the impact of factors and their interactions on the modeled
responses to global and island recurrent selection. The analyses of variance used single level
nlme models with modeled (eqn 5) responses grouped by combinations of treatment factors. We
analyzed the variance among modeled responses using AIC, BIC and Likelihood metrics that
were grouped based on combinations of treatment variables consisting of population type,
selection method, mating design, and migration policy for a constant level of migration
frequency, migration size and migration direction for one genetic model consisting of 400
simulated QTL responsible for 0.7 H with equal additive effects (Table 1). For a discussion of
ANOVA using non-linear mixed effects models refer (Pinheiro et al 2000; Zuur 2009; Baty, et
al. 2015; Pinheiro et al. 2019; Oddi et al. 2019; Ramasubramanian and Beavis 2020).
In the first phase of model fitting, we fit a random intercept model for estimating both
alpha and beta in the recurrence equation using the ‘nlme’ R package. Estimates of modeled
parameters from nlsList models were retained as starting values for fixed effects. Multiple
ANOVA of ‘nlme’ objects representing the models were used to identify combinations of factors
with significant effects on the non-linear response. The model with the lowest AIC score was
selected as the best model. The best random intercept model in the first phase of model fitting
process M15 and models with combinations of three factors (M11-M14) showed auto-correlation
of residuals. Since auto-correlation violates the independence assumption, the correlation among
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residuals was modeled using AR-1 correlation structure. Since the genotypic values across cycles
in recurrent selection are correlated, fitting AR-1 correlation doesn’t remove the correlation
unless cycles are used as co-variates. However, using cycles as a co-variate makes the model
fitting very time consuming and often has larger AIC scores than models without cycles as covariates. The Model M15 with AR-1 correlation structure was further refined by modeling
variance components using ‘varIdent’ structure in ‘nlme’. The process of fitting, selecting and
refining mixed effects models is similar to our previous study (Ramasubramanian and Beavis
2020) and is described in the vignettes in R package ‘SoyNAMSelectionMethods’.
2.6 Evaluations of Responses to Recurrent Selection
Evaluations were conducted on both modeled and genotypic values using a set of metrics
described in (Ramasubramanian and Beavis 2020) and defined below. The estimated population
half-life and asymptotic limits used the estimated parameters, α and β of the first order
recurrence model. The average genotypic values were used to estimate the standardized
genotypic value (Rs) and maximal genotypic value (Mgv). Maximum possible genotypic
potential of the founders provided a reference for number of favorable alleles retained in the
population. The loss of genotypic potential is characterized by reduction in the standardized
variance of genotypic values (Sgv) and estimated heterozygosity (Hs). In addition, efficiency of
conversion of loss in genotypic variance into genetic gain (Rs_var) provides a way to assess gain
in genotypic value and loss of genetic variance simultaneously. In island model selection, the
different impacts of selection strategies on the genotypic variance at island or global levels are
assessed using intra-island Sgv, inter-island and global variance of genotypic values. A
schematic diagram of the factors and evaluation metrics used to characterize the responses to
recurrent selection is provided in Figure 3.
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2.6.1 Evaluation Metrics. The standardized genotypic value, Rs (Meuwissen et al. 2001; Liu et
al. 2015; Ramasubramanian and Beavis 2020), was estimated every cycle of selection as the
proportion of maximum genotypic potential (200 units) relative to the average genotypic value of
2000 lines in C0 ( eqn 7). Values range from 0-1 with the value of 1 corresponding to the
maximum possible genotypic value with the genetic model and 0 corresponding to the average
genotypic value of C0.

Rs 

Rc
(Rm - R0)

(Eqn 7)

Rs - Standardized genotypic value
R0 - Average genotypic value of RILs produced by founders
Rc – (Average genotypic value in cycle ‘c’ – R0)
Rm - Maximum possible genotypic value (200)
Since we previously evaluated genetic improvement of soybean using PS and the HN
mating design in NI populations, we used PS with a selection intensity of 1.75 for NI population
and HN mating design (designated as NI-PS-HN) as a reference for comparing other selection
and mating designs. A standardized relative genotypic response,

Rsc is calculated in equation

(8) as the percentage of the difference in standardized genotypic values, Rsc, in each cycle c.
Percent Gain in Rs c (Design-x) =

Rs c (Design -x)

Rs c (Design-x) - Rs c(NI-PS-HN)
Rs c(NI-PS-HN)

*100

(Eqn 8)

- standardized response for Design - x in cycle 'c'

Rs c (NI-PS-HN) - standardized ersponse for NI - PS - HN design in cycle 'c'

The standardized genotypic variance (Sgv) defined as the estimated genotypic variance
divided by the estimated genotypic variance of the initial sample of lines from C0 was used to
evaluate the changes in estimated genotypic variance across cycles of recurrent selection. Note
that values for the Sgv range from zero to one.
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Efficiency of genetic improvement is a metric used to estimate the proportion of genetic
improvement that was obtained through loss of genetic diversity from recurrent selection
(Gorjanc et al. 2018). Efficiency is estimated as the slope in linear regression in linear regions of
response curves. However, responses to recurrent selection in the absence of mutation are
inherently non-linear (Robertson 1960; Hill and Robertson 1968; Bulmer 1976;
Ramasubramanian and Beavis 2020). For purposes of evaluating the relative contribution of lost
genetic variance to genetic response in both linear and non-linear segments of the response
curve, we introduce the standardized genotypic variance of the response, Rs_Var, calculated with
equation (9).

Rs_var =

Gc - G0
SdG0-SdGc

(Eqn 9)

G c -average genotypic value of the set of RILs evaluated in cycle c
G 0 -average genotypic value of the founding set of RILs
SdG 0 - estimated standard deviation from genotypic values of founding set of RILs
SdG c - estimated standard deviation from genotypic values of RILs in cycle c

The numerator term represents difference in average genotypic values of a population in
cycle ‘c’ from cycle ‘0’ normalized to standard deviation of genotypic values in cycle ‘0’. The
denominator represents difference of standard deviation of genotypic values between cycles ‘0’
and cycle ’c’ normalized to the standard deviation of genotypic values in cycle 0
(Ramasubramanian and Beavis 2020). For the NI populations, Rs_Var was estimated by
calculating the variance of simulated genotypic values. Standardizing the estimated genotypic
variance with respect to the maximum genotypic values in the initial population, results in values
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that range from 0-1. For the FI populations, the genotypic variances can be split into within and
between island genotypic variance. The three measures we used to estimate the global diversity
of populations, inter-island diversity and within island diversity are provided in the
documentation of the R package.
3. Analyses and Data Availability
Simulated data and software codes are available as part of the R package
‘SoyNAMSelectionMethods’ (Supplementary File1). Documentations for downloading and
using the package are available at
http://gfspopgen.agron.iastate.edu/SoyNAMSelectionMethods_v2_2020.html. The SoyNAM
founder genotypic and phenotypic data are available in SoyBase (Grant et al. 2010).
4. Results
4.1 Rates and Limits of Responses to Recurrent Selection.
Factors common to NI populations and FI populations such as mating design and
selection method as well as factors specific to discrete and island model selection had significant
effect on estimated population half-lives and asymptotic limits. Half-lives for selection methods
on NI populations ranged from 3.83 to 16.10 cycles with a mean of 9.62 cycles and asymptotic
limits ranged from 71.64 to 160.76 with a mean of 115.97 (58% of the maximum possible
potential in the founders). Compared to NI populations, half-lives for discrete selection (DS)
methods were very low ranging from 1.97 to 2.89 cycles with a mean of 2.43 cycles and
asymptotic limits ranged from 28.42 to 38.30 and a mean of 33.12 (16.5% of the maximum
possible potential in the founders) (Supplementary File2; Supplementary Figure3). Estimated
half-lives for island model selection methods were greater, on the average than NI methods
ranging from 4.24 – 32.04 cycles with a mean 13.45 cycles and asymptotic limits ranged from
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47.54 to 198.82 with a mean of 116.8 (58.5 % of the maximum possible potential in the
founders) (Supplementary File2; Supplementary Figure3).
4.2 ANOVA of Modeled Genotypic Values.
There is strong evidence from the analyses of variance (Supplementary File3) that the
modeled genotypic values across cycles of selection depend on interactions among selection
method, mating design and migration policy. The most parsimonious model included all
combinations of factors indicating interactions among all factors have statistically significant
influences on recurrent responses to selection and requires unique estimates of α, and β in (3) for
each of the combinations of factors (M15 in Supplementary File3). For all combinations of
factors, we report only migration involving bi-directional migration of two migrants every other
cycle. Among the factors that affect only FI populations, migration frequency had significant
effects on rate and the asymptotic limits for response to selection, whereas migration direction
and size had relatively small effects on rates and no significant effect on the asymptotic limits for
response to selection. Rates and genotypic values at the limits of response for a given selection
method and mating design also depend on genetic architecture and heritability (data available on
request). Rather than belabor the specific outcomes from all possible combinations of factors
that affected the modeled responses, the remainder of the reported results are restricted to results
from simulations with 400 QTL responsible for 70% of phenotypic variability.
4.3 Responses to Recurrent Selection of Non-Isolated Lines.
There were 12 combinations of selection methods and mating designs that were applied
to lines of NI populations. The greatest genotypic values (Rs) were attained with WGS (Figure 4
and Supplementary Figure 4). Genomic selection using RRBLUP values resulted in greater
responses than PS in early cycles while WGS produced greater responses than PS in later cycles
(Figure 4; Supplementary Figure4). Weighted genomic selection followed by the CR mating
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design resulted in the greatest realization of genetic potential before reaching a limit. Genomic
selection using RRBLUP values followed by a hub network (HN) mating design resulted in the
greatest rates of response in the first ten cycles and if followed by RM, provided the greatest
responses in the first 20 cycles. When the GM design is applied to selected lines to obtain
specified crosses according to optimization criteria, the responses in the first 15 cycles were
larger than obtained with RM, whereas responses after the 20th cycle were less than responses for
other mating designs (Figure 4 and Supplementary Figure 4).
The responses measured as maximum genotypic values (Mgvs) produced response
patterns similar to Rs. Use of WGS followed by the chain rule (CR) mating design resulted in an
average Mgv of 125 (62.5% of the maximum potential in the founders) followed by PS and GS
using RRBLUP values in the 40th cycle. Genomic selection followed by the HN mating design
(NI-GS-HN) realized greater Mgvs relative to other combinations of factors only in the early
cycles (Supplementary Figure 5).
The rate at which maximum genotypic potential decreased across cycles of selection was
reflected in the estimated number of lost favorable alleles. Among the selection methods, GS
using RRBLUP values lost genetic potential faster than PS and WGS. Among the mating
designs, HN resulted in the fastest loss of genetic potential while RM lost genetic potential
slower than any of the other mating designs. Genomic mating lost genetic potential at a rate that
was intermediate between RM and HN mating designs. The CR design lost favorable alleles at
rates that were similar to GM after GS, whereas after applying CR after PS and WGS, the loss of
alleles was similar to RM (Figure 4).
The rates at which favorable alleles were lost exhibited similar patterns as the changes in
standardized genotypic variance (Sgv) and expected heterozygosity (Hs) (Figure 4 and
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Supplementary Figure 6). The application of RM and CR mating designs after selection helped
maintain genotypic variance and heterozygosity for use in later cycles of recurrent selection. The
HN mating design resulted in the fastest loss of Sgv and Hs (heterozygosity) while the GM
design demonstrated losses of Sgv and heterozygosity that were intermediate between HN and
RM/CR designs.
Rates of inbreeding are larger for GS compared to PS and WGS in the first 10-15 cycles.
The RM and CR mating designs demonstrated the slowest rates of inbreeding, whereas
inbreeding with the GM and HN mating had high rates of inbreeding before responses to
selection became limited (Supplementary Figure 7 & 8). The estimates of genotypic responses,
standardized to genotypic variance (Rs_Var), were the greatest in the first 20-30 cycles with CR,
RM and GM mating designs while the HN mating design lost the greatest amount of phenotypic
variance after GS, PS and WGS (Supplementary Figure 9 & 10).

4.4 Responses to Recurrent Selection of Lines Organized as Family Islands.
The genotypic values when the population reached a limit using Discrete Selection (DS),
where there is no exchange of lines between islands, were as much as 67% less than the values
when limits were reached in the non-isolated counterpart populations (Supplementary Figure 11).
Among the DS methods, GS and WGS with GM design (designated DS-GS-GM and DS-WGSGM) provided the greatest genotypic values at the response limits. Between 10-15% of the
maximum potential in the founder populations were realized within the first 10-15 cycles with
DS (Supplementary Figure11). Mgvs followed a pattern similar to Rs, and Sgvs mirrored the
response pattern in DS (Supplementary Figure 11).
In contrast to isolated family islands (FIs) with DS, genotypic values at the limits to
selection responses were larger using BI, RB and FC migration policies among islands. Among
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the selection methods applied to the FI populations, GS and WGS realized the greatest genetic
potential before reaching limits of responses. The impacts of mating designs on the responses to
selection applied to FI populations are distinct from mating designs in NI populations. In the NI
populations RM and CR mating designs provided the greatest genotypic values before response
to selection became limited, whereas in the FI populations GM provided the greatest genotypic
values when coupled with BI and RB migration policies. The fully connected (FC) migration
policy with the largest migration rates, produced responses that were similar among the HN, CR,
RM and GM designs.
As noted above, the best responses to selection in the first 10 to 20 cycles of NI
populations were obtained using GS followed with a HN or GM mating design (respectively
designated NI-GS-HN and NI-GS-GM in Figure 4). The greatest short-term responses to
selection in FI populations were obtained using either GS or WGS followed by the HN mating
design coupled to a FC migration policy (IM-GS-HN-FC and IM-WGS-HN-FC in Figure 4 and
Supplementary Figure 4). Only slightly slower rates in the first 10 to 20 cycles were obtained
using GS and WGS followed by the GM design coupled to a FC migration policy.
Given a FC migration policy, the largest standardized genotypic responses at the limits to
response (0.59 – 0.61) were obtained using GS or WGS with HN, CR, RM and GM designs
Given a RB migration policy, GS and WGS followed by GM design produced the greatest
realization of genetic potential before the 40th cycle (0.59 -0.6) compared to (0.3-0.4) with HN,
CR and RM designs (Figure 4 & Supplementary Figure 4). The BI policy showed a pattern
similar to that of RB, but at a slower rate of response (Figure 4 & Supplementary Figure 4).
Mgvs followed a pattern similar to Rs for most of the island selection methods. In
contrast to selection in NI populations where PS and WGS resulted in the greatest Mgvs in 20-40
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cycles, GS in FI populations resulted in larger Mgvs (124.6) than island PS (119.9) by the 40th
cycle.

Rates of decrease in maximum available potential is influenced by factors such as
selection intensity, SM and MD. Relative to NI populations, island selection retains allelic
diversity in the combined population as selection depletes variance only within islands and not
across islands (Figure 6). Such loss in maximum potential is not always reflected in rates of
responses. Relaxed selection intensity will result in retention of genetic variance with no
significant increase in response as it is observed with BI and RB migration policies when
combined with RM designs for PS, GS and WGS.

IM-GM-FC design showed the least rate of decrease of Hs values for PS, GS and WGS
reflecting a greater potential retained in the population followed by IM-GM-RB and IM-GM-BI
designs. IM-HN-BI and IM-HN-RB designs showed the most rapid decrease in Hs across 40
cycles of selection, whereas CR and RM designs with RB and BI migration policies showed
intermediate rates of decrease of Hs. There is an oscillatory pattern in the decrease of Hs, where
Hs increased with every migration event in early cycles. In late cycles, the magnitude of increase
in Hs due to migration event decreased and the oscillatory pattern dampened to a continuous
decrease as the populations approached the limits of responses (Supplementary Figure 6).
Island PS demonstrated lesser rates of inbreeding compared to island GS and WGS. RM
design showed the least rates of inbreeding among the four MDs for BI, RB and FC migration
policies (Supplementary Figure 7 and 8). CR design followed a pattern similar to HN or GM
depending on the SM. FC migration policy demonstrated lesser rates of inbreeding compared to
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BI and RB policies. BI policy demonstrated the largest rates of inbreeding. GM design
demonstrated rates of inbreeding that were intermediate between RM and HN/CR designs
(Supplementary Figure 8).
Rs_Var for island selection with FC migration policies were larger than that observed
with NI populations, demonstrating larger efficiency of converting loss of genetic variance into
gain. However, with FC policy, all MDs showed a similar pattern (Supplementary Figure 9).
Whereas Rs_Var for island selection with BI and RB policies were comparable to that of global
selection with PS and GS, except for GM design, which showed larger Rs_Var after 10-20 cycles
of selection (Supplementary Figure 10).

4.4.1 Diversity within and among islands The average within island genotypic variance
decreased towards zero through forty cycles of selection, whereas global and inter-island
genotypic variance increased before becoming limited. The rates of decrease in average within
island genotypic variance was influenced by SM, MD and MP. Both GS and WGS demonstrated
similar patterns of lost genotypic variance within islands and rates of loss with both were faster
than PS (Figure 5). The HN mating design demonstrated the fastest loss of within island
genotypic variance followed by RM, CR and GM designs. The FC migration policy provided the
slowest loss of within island genotypic variance followed by RB and BI migration policies
(Figure 5). Notice, however, an oscillatory pattern in which within island genotypic variance
increased with every migration event and decreased from selection in cycles where there were no
migrants. For both the within island genotypic variance and the expected heterozygosity the
magnitudes of oscillations dampened towards zero after 20-30 cycles of selection except for the
GM mating designs coupled with BI and GM migration policies (designated IM-GM-BI and IM-
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GM-RB respectively in Figure 5). The amplitude of increased genetic variance due to migration
was greater for RB and BI migration policies with large spikes after 25-30 cycles of selection,
while the amplitudes were smaller with the FC migration policies (Figure 5).
The largest values for inter-island genotypic variance were obtained with the RM mating
design and BI and RB migration policies followed by CR and HN designs with BI and RB
migration policies (Figure 7). Whereas, the FC migration policies demonstrated the smallest
increases in inter-island genotypic variance through 40 cycles of selection (Figure 7). Recall that
the FC migration policies provide the greatest migration rates among islands. Global genotypic
variance in FI populations increased due to increase in inter-island genotypic variance. The BI
migration policies demonstrated the largest global genetic variance for RM, HN and CR mating
designs followed by the RB migration policies. Genomic mating under BI and RB migration
policies provided intermediate rates of increasing global genotypic variance while the FC
migration policy showed the least increase in global genotypic variance when coupled with the
HN, CR, RM and GM mating designs (Figure 7).
Within the classes of migration policies, the migration frequency had significant
influence on rates and limits of responses across most combinations of selection methods, mating
designs and migration policies, while numbers of migrants significantly affected responses in
only for a few combinations of factors. Both rates and limits of response decreased with fewer
migrants for the HN mating design. For the RM design, exchange of migrants among FI’s once
in every three cycles provide the greatest genotypic values at the limits compared to responses
with more frequent exchange. Migration size and migration direction had no significant effect on
limits to selection responses (data available on request).
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4.5 Tradeoffs between short-term and long-term gains from recurrent selection.
There were 12 combinations of selection methods and mating designs applied to NI
populations and 48 combinations of selection methods, mating designs and migration policies
applied to FI populations. From among the 60 methods, genomic selection using a ridge
regression model followed by a hub model mating design in NI populations and weighted
genomic selection followed by crosses using the chain rule in NI populations (respectively
designated NI-GS-HN and NI-WGS-CR in Table 2 and Figure 4) demonstrated the greatest
responses in the first 20 and last 20 cycles respectively. However, if the objective for genetic
improvement is to maximize gain in the first 5, 10, 30 or 40 cycles, other combinations of the
factors are needed to achieve the objective. If the breeding objective is to maximize rates of
genetic improvement in five to ten cycles of recurrent selection then there are two best options:
1. Genomic selection using RRBLUP values followed by a hub model mating design in FI
populations with fully connected migration policies, or 2. Genomic selection using RRBLUP
values followed by a genomic mating design in FI populations with fully connected migration
policies (respectively designated as IM-GS-HN-FC and IM-GS-GM-FC in Table 2). If the
objectives are to maximize both short-term and long-term gains then the best solution was
obtained by selecting with RRBLUP values followed by a genomic mating in FI populations and
applying a fully connected migration policy (designated IM-GS-GM-FC in Table 2). Among the
combinations applied on NI populations, weighted genomic selection followed by the CR mating
design or RM resulted in largest long-term gains, while selection using RRBLUP values
followed by a HN mating design provided the greatest short-term gains. Indeed, both GS and
WGS demonstrated greater long-term responses than phenotypic selection in both NI and FI
populations.
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5. Discussion
5.1 Significance.
The challenge of finding optimal trade-offs among competing genetic improvement
objectives has usually been approached by combining selection and crossing in a single step
without consideration of population structure (Akdemir & Sanchez 2016; Beukelaer et al. 2017;
Akdemir et al. 2019; Allier et al. 2019 a, b, 2020; Ramasubramanian and Beavis 2020). Akdemir
& Sanchez (2016) combined selection and mating in their GM method. Beukelaer et al (2017)
used weighted selection indices to maximize gain while retaining a threshold level of diversity.
Among the three diversity measures they tested, indices that incorporate diversity measures to
minimize loss of rare favorable alleles and minimize heterozygosity resulted in responses that
were greater than WGS with truncation selection. Including diversity measures in a set offered
advantage over truncation selection, as selected mate pairs retained rare favorable alleles better
than WGS coupled with random mating. Allier et al (2019 a, b) included the impact of withinfamily selection to maximize genetic gain while minimizing loss of genetic variance, but they
did not consider migration among families. And (Ramasubramanian and Beavis 2020)
investigated GS methods for genetic improvement of soybean, but only considered the HN
mating design applied to populations without regard to family affiliation. Herein we approached
the challenge by disentangling breeding decisions into four distinct groups: 1) organization of the
breeding population, 2) selection methods, 3) mating designs and 4) migration policies. Each of
these were divided into possible alternatives within each group and treated as independent
factors in orthogonal treatment combinations.
As with our previous investigation we found that the fastest rates of genetic improvement
resulted when GS followed by the HN mating design is applied among all lines regardless of
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their family affiliation. When combined, these three decisions have reinforcing effects on
responses to selection. At the other extreme, when WGS is applied to populations organized as
family islands followed by either CR or RM the tendency of all three to retain genetic diversity
reinforce each other resulting in the largest genotypic values, but is not achieved until the later
cycles of selection. Because the slopes of the curves resulting from WGS and PS at 40 cycles are
still positive, it is possible that both selection methods could continue to produce greater genetic
potential with more cycles of selection. In previous comparative studies, WGS produced longterm responses that are similar to methods such as Optimal Contribution Selection (OCS) and
Expected Maximum – Haploid Value (EM-HPV) (Daetwyler et al. 2015; Muller et al. 2018).
Herein when we applied WGS to lines regardless of family affiliation and followed selection by
identifying optimal mate pairs using GM the genotypic values at the limits to response were
greater than the genotypic values obtained with PS or GS followed by GM. This combination
also retained the largest values for heterozygosity and favorable alleles across more cycles.
However, the differences between responses to GS and WGS followed by GM were not
significant when applied to lines organized into family islands.
Between the extreme response curves it was also possible to find many response curves
with intermediate trade-offs between the objectives. For example applying WGS to lines that
were not organized into islands followed by HN provided greater response rates than other
combinations of factors involving WGS. Selection among lines organized into FIs resulted in
responses that were larger or comparable to responses from NI populations for only a limited
number of combinations of mating design (GM) and migration policies (RB and FC). This may
be due to the small numbers of related lines on each island (20X smaller than the NI population).
With such a small number selection can deplete all the genetic variance within the first 10 -15

126
cycles as demonstrated in discrete selection. When there is no migration, which is the major
source of new genetic variability, the populations realized only 10-15 % of maximum potential
in the founder populations even while optimizing for sustainable gain using the GM method. A
relaxed selection intensity, where the top 20% of the lines in each island are selected can sustain
responses for longer cycles as demonstrated in non-isolated and island selection with migration
(Supplementary Figure 12).
As expected, even with small numbers of lines per island migration had a positive impact
on the outcomes. It is known that intermediate levels of migration rate result in optimal tradeoffs
between gain and diversity (Skolicki 2007 a, b: Obolski et al. 2017). However, the range of
intermediate parameter values depend on the specific context and population genetic parameters.
In our study, responses in FIs were larger than selection responses in NI only when migration
events happened every cycle or once in two cycles. When migration event happened only once in
3 cycles of selection, the rates of responses in the early cycles were very low resulting in much
lower genotypic values as responses to selection approached limits. Migration size and direction
didn’t have any significant impact on response within the small range of parameter values we
tested for migration size and direction.
Also, we retained the best line within island during migration events and replaced the
second best line in the ranked list of selected lines with the immigrant for the BI and RB policies.
Whereas, for the FC policy, lines ranked from 2-6 are replaced. This replacement policy allows
crossing between lines that are best within islands and immigrant lines from islands with high
genotypic value resulting in high rates of response within islands. However, other policies that
replace lines with low genotypic value with high genotypic values from immigrant islands will
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reduce genetic diversity within islands and result in different outcomes compared to the policy
we’ve implemented.
None-the-less, we found a very good tradeoff among the competing objectives. If a GS
was applied to lines on FC islands and the selected lines were mated according to the paretooptimal crosses identified using GM, then the combination preserved genetic variance for longterm gain with little penalty relative to the realized rates of improvement in early cycles by GS
and the HN mating design. In summary, motivated by Akdemir and Sanchez (2016) and Yabe et
al (2016), we demonstrate that it is possible to design breeding strategies to produce desired
outcomes between the extremes of maximizing the rate of genetic improvement and maximizing
the genetic potential of the population.
5.2 Interpretations.
The results can be interpreted from other perspectives to provide alternative insights.
First genetic improvement can be viewed as single or multiple connected search strategies in
genotypic space (Podlich and Cooper 1999; Cooper et al. 2002; Cooper et al. 2014). The single
search strategy, a.k.a. global, corresponds to selection of lines in NI populations. The multiple
connected search strategy, a.k.a. local, corresponds to selection of lines in multiple domains with
infrequent exchange of lines. In addition to the perspective of global or local search strategies,
selection can be viewed as cooperation vs. competition and exploitation vs. exploration. Thus,
by tuning parameters that control relative levels of cooperation or exploration in global or local
search strategies, it is possible to adjust the adaptive landscape.
Genotypes co-operate when they contribute to other genotypes’ fitness values, whereas
they compete when they reduce the fitness values of other genotypes thereby reducing their
contribution to future generations. Intermediate levels of cooperation often accelerated shifts in
adaptive peaks for bi-locus genetic models (Whitley 1999; Skolicki 2007; Obolski et al. 2017).
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For global selection, selection methods and mating designs control contributions of genotypes
within populations thereby controlling the level of cooperation. From this perspective, GS
promotes competition, while PS and WGS emphasize cooperation on the adaptive landscape. By
weighting rare favorable alleles, WGS promotes cooperation and effectively retains more of the
genotypic potential of the founder’s fitness landscape. Among mating designs, the HN used by
most plant breeders, promotes competition over cooperation, whereas the CR and RM designs
promote co-operation. The GM design provides a balance between cooperation and competition.
For island selection methods, a FC migration policy provides the best balance between
cooperation and competition. Further work is needed to identify optimal migration rules.
The concepts of exploitation and exploration are commonly used in EAs. In general,
exploitation refers to processes such as selection that result in beneficial solutions, whereas
exploration allows searches for solutions in new domains. In the breeding context, exploration
maintains diversity (Goldberg 1989; Goldberg and Deb 1992; Whitley 1999; Skolicki 2007 a, b;
Crepinsek et al. 2013). Because GS provides faster rates of genetic improvement than PS and
WGS it is reasonable to interpret GS results as rapid exploitation, whereas PS and WGS allow
exploration of new solutions, primarily through additional recombination opportunities. The HN
mating design drives the populations to exploit resources for immediate gains, whereas CR and
RM mating designs provide opportunities for the population to explore more of the fitness
landscape. The GM mating design provides an opportunity to choose relative importance of
exploitation and exploration. By treating population organization, selection methods and mating
designs as orthogonal factors we were able to blur the boundary between exploitation and
exploration with combinations of factors that mixed exploitation and exploration activities in
distinct phases and simultaneously.
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From the perspective of tradeoffs between exploration and exploitation, selection among
and within islands enables exploration of diverse domains resulting in greater probabilities of
finding solutions with greater genotypic values (higher peaks or limits at convergence), whereas
global selection across a NI population of lines tends to get trapped in sub-optimal peaks or local
optima (Cantu-Paz 2000; Skolicki 2007 a, b; Luque 2011; Crepinsek et al. 2013). In our study,
this occurred with the GM design applied to the NI populations, where the crossing process
within islands are optimized at a local level. In some implementations of island model selection,
both the global and local states of islands are assessed every cycle of selection and a centralized
global agent makes decisions to reach optimization objectives. We do not know whether such a
bi-level optimization method will result in greater genotypic values before approaching limits to
responses from selection.
5.3 Future Research.
By framing breeding strategies as combinations of population structure, selection
methods, mating designs and migration policies we illustrated the potential of the approach for a
small arbitrary soybean genetic improvement project. We did not consider the relative emphasis
of objectives and constraints for any specific genetic improvement project. Consider first the
structure of breeding populations. We compared a NI structure of lines with FI’s created by
individual crosses among the founders and then we selected within and among islands according
to the same criteria. This might make sense within a single soybean genetic improvement project
for lines adapted to MZ’s II and III.
There are six public soybean genetic improvement projects adapted MZ’s II and III.
There are likewise about the same number of commercial soybean genetic improvement projects
in the same MZs. All of these projects began at different times and were initiated with unique,
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albeit overlapping, germplasm resources (Mikel et al. 2010). While all of the projects select
lines with greater genotypic values for yield, the yield values are obtained from different, albeit
overlapping environments.
From the perspective of soybean genetic improvement across regions within MZ’s II and
III, each genetic improvement project can be represented as an island where genotypes are
exchanged among project islands based on annual evaluations in uniform regional trials and
according to legal licensing rules. In practice project islands exchange only the best performing
lines adapted to similar environmental conditions. None-the-less, soybean breeders will
maintain useful genetic variability by exchanging lines among island projects. An advantage of
island selection is that diversity among islands increases with selection, even when within island
diversity decreases. Eventually, beyond 40 cycles of recurrent selection, genetic variability
among islands will decrease as genetic variability among islands is lost to selection.
Future investigations of breeding strategies to optimize tradeoffs between rates of genetic
gains and retention of useful genetic variance in soybean adapted to MZ’s II and III should
consider population structures within island projects that more accurately reflect those that
currently exist. Also, future investigations should simulate genetic architectures with genotype x
environment effects. It is well known that a line adapted to one environment may not perform
well in other environments, and it is possible to define fitness values so that they include
environmental effects. Third, future investigations should consider a broader set of migration
rules and policies. The FC migration policy is considered the upper bound of island models as all
islands are connected to every other island with maximum migration rates among islands. While
our results indicate that this policy provided the results we don’t think it will provide the best
results for genetic architectures with genotype by environment interaction effects.
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Fourth, we need to recognize islands in time because every cycle of selection discards
useful genetic variability. A soybean germplasm resource project was set up (Mikel et al. 2010)
to recover useful genetic variability lost during domestication of soybean (Nelson 2011). Rather
than trying to build long bridges to islands located in the distant past, our results suggest that
there should be a large amount of useful genetic variability that was discarded in the first few
cycles of modern soybean breeding. For that matter, until response to selection reaches the halflife for the population, large amounts of useful genetic variability can probably be recovered
from islands represented by recent cycles of discarded lines. These conjectures should be
preceded by simulations to determine the potential benefit and costs associated with sampling
lines in recently discarded islands.
Fifth, it should be clear that a predefined mating design does not take advantage of
opportunities created by each cycle of progeny to optimize outcomes according to most project
objectives. Thus, there continues to be a need for algorithms that efficiently and effectively
identify crosses from among genotypes produced by each cycle of selection. It is tempting to
adopt and investigate all EA strategies. However, only a subset are relevant to the practice of
plant breeding (Hagan et al. 2012). For example, mutation and recombination rates can be
controlled in a computational EA, whereas plant breeders cannot regulate these with current
practices. None-the-less there are many opportunities for cross-disciplinary research between
EAs and plant breeding. There is large body of literature concerning the properties of EAs and
factors and strategies that affect convergence rates and quality of solutions (Goldberg 1989;
Goldberg and Deb 1992; Whitley 1999; Skolicki 2007 a, b; Crepinsek et al. 2013; Obolski et al.
2017) and working with computational scientists should reveal novel methods to maximize the
genetic potential of a breeding population in a minimum number of cycles.
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Akdemir and Sanchez (2016) proposed only one of many possible GA’s to identify
pareto-optimal solution pairs. An approach introduced by Gaur and Deb (2016) and Mittal et al.
(2020) would provide pareto-optimal solutions using statistical methods such as clustering and
machine learning. The statistical knowledge can be used to improve the search for optimal
solutions and establish several cycles of optimization. Conceptually, unveiling any relationship
among pareto-optimal pairs in a genotypic space is likely to provide new knowledge regarding
the characteristics of such complementary pairs. Also, by modeling responses with a first order
recurrence equation or a non-linear mixed effects model to predict the half-life and asymptotic
limits of selection have potential to improve the efficiency of genetic algorithms by providing
repair operators to alter the trajectory of population evolution towards the desired optimal tradeoffs.
Last, consider the challenge of stating explicit relative emphasis on objectives and
definition of constraints for any specific genetic improvement project. As noted previously, this
challenge exists because it requires assigning economic and agronomic value of short term
genetic gains vs. the forecasted value of useful genetic variants that may be discarded each cycle
of selection. As a thought experiment note that the trade-off objectives can be reduced to a
single ‘grand’ objective of creating a genotype (line) with the genotypic value equal to the full
genetic potential of the founders in a single cycle. For a genetic architecture consisting of two
alleles at a single locus, achieving the single grand objective is trivial. Also it is possible to
imagine that the grand objective can be achieved for a complex genetic architecture with infinite
resources. Clearly, given genetic architectures of complex traits and resource constraints there
are no feasible solutions to the grand objective, but it is a useful reference to serve as the goal.
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Figure 1 Schematic representing simulated recurrent selection in Non-Isolated
(NI) populations comprised of twenty families from Soybean NAM founders.
The schematic depicts the in silico steps used to generate the base population of
2000 F5 RILs derived from 20 NAM founder lines crossed to IA3023. The
depiction includes the model training step and the recurrent steps of prediction,
sorting, truncation selection, crossing, and generation of 2000 F5 RILs for each
cycle as well as the decision steps to check if the training set should be updated and
if the recurrent process should be continued for another cycle.
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Figure 2 Schematic representing simulated recurrent selection of Family Island (FI)
populations where each of the twenty families from the Soybean NAM founders is
considered an island population. The schematic depicts the in silico steps used to generate
the base population of 2000 F5 RILs derived from 20 NAM founder lines crossed to IA3023.
100 F5 RILs generated from each of the crosses form a distinct island. The depiction includes
the model training step and the recurrent steps of prediction, sorting, truncation selection
within islands, migration, crossing, and generation of 200 F5 RILs per island for each cycle as
well as the decision steps to check if the training set should be updated and if the recurrent
process should be continued for another cycle. The blue shaded circles represent lines that are
descendants of the founder populations in the islands and red shaded circles represent lines
that are replaced by immigrants from the island with the largest genotypic value for the ‘Best
Island’ policy.
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Figure 3 Overview of the Recurrent Selection Process: Representation of entities
such as genomes, associated RILs and processes such as the estimation of
marker effects, selection, migration and crossing. Levels correspond to layers of
information with level 1 comprised of genomic information, level 2 comprised of
phenotypes of lines within and across families and level 3 comprised of higher level
information including responses across cycles of selection. The factors include nQTL
and H at the genome level, SM (selection method) including PS, GS and WGS. The
factors at level 2 includes SI (top 10% selected fraction), MD (Mating design, which
includes Hub Network, Chain Rule, Random Mating, and Genomic mating levels)
and MP (Migration Policy, which includes “Best Island”, “Random Best” and “Fully
Connected” policies). Among the BD levels, GM method involves application of
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evolutionary multi-objective optimization to minimize inbreeding and maximizing gain.
Level 3 is characterized using evaluation metrics such as half-life and asymptotic limits
derived from recurrence equation models and metrics such as standardized responses
(Rs), Standardized genetic variance (Sgv), Maximal genotypic values (Mgv) and
efficiency of converting loss in genetic variance into gain (RsVar) derived from
simulated outcomes. Other metrics include prediction accuracy and MSE for GP models
(RR-REML) and expected heterozygosity (Hs).
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Figure 4. Standardized Genotypic Responses (Rs) across 40 cycles of recurrent selection
on non-isolated (left panels) and family island (right panels) populations, using PS (top
panels), GS (middle panels) and WGS (bottom panels) for the four mating designs: HubNetwork (HN), Chain Rule (CR), Random Mating (RM), and Genomic Mating (GM).
Standardized genotypic responses are represented from a simulated genetic architecture
consisting of 400 additive QTL uniformly distributed throughout the genome and responsible
for 70% of phenotypic variability. Ten percent of lines are selected to be used in crosses in
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HN, CR, RM and GM designs. Migration policies include bi-directional migrations of two
migrants every other cycle involving the Best Island (BI), Random Best (RB), and Fully
Connected (FC) migration policies.
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Figure 5 Standardized Genotypic Variance across 40 cycles of recurrent selection on
non-isolated (left panels) and family island (right panels) populations, using PS (top panels),
GS (middle panels) and WGS (bottom panels) for the four mating designs: Hub-Network
(HN), Chain Rule (CR), Random Mating (RM), and Genomic Mating (GM). Ten percent of
lines are selected for crossing. The genetic architecture in the initial simulated founder lines

148
consisted of 400 additive QTL uniformly distributed throughout the genome and expressed
broad sense heritability on an entry mean basis of 0.7. Genetic variance is standardized to the
average genotypic variance in founder populations in cycle ‘0’. Average island genetic variance
refers to genetic variance within families averaged across 20 families. Migration policies in the
island models consisted of bidirectional exchange of two immigrants and emigrants every other
cycle of selection. Migration policies include BI- “Best Island”, RB- “Random Best”, and FC“Fully Connected”
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Figure 6 Lost Genotypic Potential and Average Genotypic Values across 40 cycles of
recurrent selection on non-isolated (left panels) and island (right panels) populations, using
Phenotypic Selection (PS-top row of panels), Genomic Selection (GS-middle row of panels)
and Weighted Genomic Selection (WGS-bottom row of panels) and four mating designs:
Hub-Network (HN), Chain Rule (CR), Random Mating (RM), and Genomic Mating (GM).
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Ten percent of lines are selected for crosses using HN, CR, RM and GM mating designs. The
genetic architecture in the initial simulated founder lines consisted of 400 additive QTL
uniformly distributed throughout the genome and expressed broad sense heritability on an
entry mean basis of 0.7. The dotted lines represent maximum genetic potential estimated from
favorable alleles that are lost from the population and solid lines represent increase in average
genotypic value of populations due to recurrent selection. Migration policies in the island
models consisted of bidirectional exchange of two immigrants and emigrants every other cycle
of selection. Migration policies include BI- “Best Island”, RB- “Random Best”, and FC“Fully Connected”
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Figure 7. Global and Inter-Island Genotypic Variance in Island Selection i) Global
genotypic variance (Left Panel), and ii) Inter-island genetic variance (Right Panel) for PS
(top), GS (middle) and WGS (bottom) for the four mating designs including HN, CR, RM and
GM methods and three migration policies including BI, RB and FC for 400 simulated QTL
and 0.7 H. Genotypic variance is standardized to the average genotypic variance in founder
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populations in cycle ‘0’. GP models are updated every cycle in GS and WGS using training
sets with data from all prior cycles of selection. PS- Phenotypic Selection, GS- Genomic
Selection, WGS -Weighted Genomic Selection. Mating Design: HN (Hub Network), CR
(Chain rule), and RM (Random Mating), GM (Genomic Mating) method. Migration policies
in the island models consisted of bidirectional exchange of two immigrants and emigrants
every other cycle of selection. Migration policies include BI- “Best Island”, RB- “Random
Best”, and FC- “Fully Connected”
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Table 1 Treatment Design representing the factors that impact responses and limits of
responses. The parameter values for levels of island selection specific factors were selected
based on limits of responses from a larger set of simulations (2664 combinations of factors
with 10 replicates per combination of factor) with migration frequency (1, 2, 3), migration size
(1, 2) and migration direction (1, 2) and mating designs (HN, CR and RM) for 40, 400 and
4289QTL with 0.7 and 0.3 H.
Factors
Population Type
Migration
Frequency
Migration Size
Migration Policy

Migration Direction

Levels
Values for Levels
2
Non-isolated and Island populations
Island Model Selection
1
Migration frequency of 2 corresponds to
migration of lines every other cycle of
selection
1
Migration of 2 lines per migration event
(20%).
4
i) Discrete Selection
(For DS, migration frequency, size and
direction are set to ‘0’)
ii) Best Island
iii) Random Best
iv) Fully connected

1

i) Bi-directional

Factors Common to Non-isolated and Island Populations
3
i) PS ,ii) GS, iii) WGS
Selection Method
4
i) Hub Network Design
Mating Design
ii) Chain Rule
iii) Random mating
iv) Genomic mating
1
400 QTL and 0.7 H
Genetic Model
Parameters
60
Total Number of
Combinations of
Treatment Factors
Total Number of
5
300
Simulations
(replicates/combination
of factors)
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Table 2 Trade-off Table for Strategies Tradeoff table to support decision for selecting the best
strategy to achieve possible objectives including maximum gain in 5, 10, 20, 30 and 40 cycles
of recurrent selection. The methods are ranked for each of the objectives based on the absolute
genotypic response values for each of the methods are provided along with the ranking of the
method for the specific objective within parenthesis. Three objective weights are provided to
define the relative importance of the objectives: i) the weighted rank of methods are estimated
with more emphasis on the first 20 cycles (top), ii) the weighted rank of methods are estimated
with equal emphasis on the first and last 20 cycles (bottom). The best five methods among the
60 methods for each of the weighted objectives are presented. The simulations are provided for
400 simulated QTL responsible for 70% of phenotypic variability. Migration policies include
“Discrete Selection”, “Best Island”, “Random Best”, and “Fully Connected”. Other migration
factors correspond to migration frequency -2, migration direction -2 (bi-directional), and
migration size - 2. Selection methods include PS-Phenotypic Selection, GS- Genomic Selection,
and WGS-Weighted Genomic Selection. Mating Design includes HN (Hub Network), CR
(Chain rule), RM- Random Mating, GM- Genomic Mating method.
Objective
Weights
for gain in
the first 20
cycles
Objectives
IM-FC-GSHN
Rs in 5 cycles
(Rank)
Rs in 10
cycles (Rank)
Rs in 20
cycles (Rank)
Rs in 30
cycles (Rank)
Rs in 40
cycles (Rank)

IM-FCWGS-HN

0.14 (5)

0.2

0.29 (3)

0.29 (3)

0.28 (7)

0.1

0.53 (1)

0.51 (4)

0.51 (4)

0.44 (18)

0.44 (18)

0.1

0.59 (7)

0.59 (7)

0.59 (7)

0.47 (22)

0.47 (22)

0.59 (13)

0.60 (8)

0.47 (26)

0.47 (26)

2

3

4

4

IM-FCWGS-GM

Method
IM-FC-GSCR

IM-FCWGS-RM

NI-WGSCR

Weighted
Rank

0.59 (13)

1

Objective
weighted
equally for
gain across
the 40
Objectives
cycles
IM-FC-GSGM

0.13 (13)

NI-GS-CR NI-GS-GM

0.5

0.1

0.13(13)

Method
IM-FC-GSCR

0.14 (5)
0.28 (7)

-0.14 (5)
0.28 (7)
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Table 2. Continued

Rs in 5
cycles / Rs
Rs in 10
cycles / Rs
Rs in 20
cycles / Rs
Rs in 30
cycles / Rs
Rs in 40
cycles / Rs
Weighted
Rank

IM-FC-GSGM

IM-FCWGS-GM

0.2

0.13(13)

0.13(13)

0.13 (13)

0.2

0.27 (11)

0.26 (12)

0.28 (7)

0.27 (11)

0.24 (22)

0.2

0.48 (8)

0.49 (7)

0.51 (4)

0.5 (6)

0.46 (10)

0.2

0.59 (7)

0.59 (7)

0.59 (7)

0.59 (7)

0.58 (9)

0.2

0.61 (4)

0.6 (8)

0.6 (8)

0.62 (1)

1

0.61 (4)

1

IM-FC-GSCR

3

IM-FCWGS-RM

NI-WGSCR

0.13 (13)

-0.11 (29)

4

4
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CHAPTER 4.

GENERAL CONCLUSION

4.1 Summary
In the past two decades the use of whole genome information prompted the development
of analytic tools for genetic improvement (Bernardo and Yu 2007; Bernardo 2008; Bevan et al.
2017; Hickey et al. 2017; Andorf et al. 2019; Mascher et al. 2019). These new tools led to a large
number of studies to examine the potential of methods such as genomic selection in crop
improvement projects (Andorf et al. 2019). Novel approaches, however need to be supported by
studies on the impact of genomic selection methods on rates and limits of responses to selection
as well as understanding tradeoffs between short term and long term breeding objectives.
In order to optimize tradeoffs between rates of genetic gains and retention of useful
genetic variance in soybean, we evaluated the impact of prediction models and selection
strategies on response to selection across 40 cycles of recurrent selection. While soybean
breeders currently take four to five years to complete a cycle of recurrent selection, emerging
technologies will enable soybean breeders to complete a cycle in a year. Thus, our work will
serve as a comparator for future investigations on the impact of rapid cycling in soybean. By
decomposing breeding strategies into combinations of population structure, selection methods,
mating designs and migration policies we demonstrated potential responses to recurrent selection
for a small soybean genetic improvement project using contemporary soybean germplasm
adapted to MZ’s II and III. In chapter 2, we introduced the use of first order recurrence equation
as a tool for analyses of recurrent selection. The tool enabled us to report the impact of training
genomic prediction models and training sets on short-term response rates, populations’ half-lives
and long-term limits to selection. We also reported the impact of selection intensity, number of
QTL and heritability on genotypic responses. In chapter 3, we evaluated the rates and limits of
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response to selection with several breeding strategies and examined the application of algorithms
developed in the field of evolutionary computing and genetic algorithms to maximize retention
of useful genetic variability with minimal loss to rates of short-term genetic gains.
We adopted the perspective that genetic improvement projects can be regarded as either
single or multiple connected search strategies in genotypic space (Podlich and Cooper 1999;
Cooper et al. 2002; Cooper et al. 2014). The single search strategy, a.k.a. global search strategy,
corresponds to selection of lines among non-isolated families. The multiple connected search
strategy, a.k.a. local search strategy, corresponds to selection of lines in multiple domains with
exchange of lines among domains. In addition to the perspective of global or local search
strategies, selection can be viewed as cooperation vs. competition and exploitation vs.
exploration. By characterizing selection methods, mating designs and migration policies for
their levels of cooperation or exploration, we demonstrated that it is possible to tune parameters
that control relative levels of cooperation or exploration in global or local search strategies and
as a consequence to find many options that can be used to meet the breeding objectives of any
specific genetic improvement program. From the perspective of tradeoffs between exploration
and exploitation, local selection among and within islands enables exploration of diverse
domains resulting in greater probabilities of finding solutions with greater genotypic values
(higher peaks or limits at convergence).
By treating families as islands within a project, we opened the opportunity to consider
soybean genetic improvement projects across MZ’s II and III as islands where genotypes can be
exchanged among project islands based on annual evaluations in uniform regional trials and
according to legal licensing rules. Currently soybean breeding projects exchange only the best
performing lines adapted to the same MZ and similar climatic conditions. Our results suggest
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that this ad hoc immigration policy is not optimal, none-the-less it enables soybean breeders to
slow erosion of useful genetic variability by exchanging contemporary germplasm among
projects. An advantage of island selection is that diversity among islands increased across 40
cycles of recurrent selection, even as diversity within islands decreased. Beyond 40 cycles of
recurrent selection, we expect genetic variability among islands will decrease.
We demonstrated that simulations can be useful to bridge the gap between theoretical
studies of evolutionary computing and genetic improvement in soybean breeding programs. Of
course, not all of the factors easily examined in theoretical models can be implemented in real
PB programs. For example, while it is relatively easy to simulate factors that account for how
frequently and how many lines to exchange among islands, it is difficult to include these factors
in the decision making process. While it is easy to learn about the general characteristics of
strategies from simulations, it is difficult to recommend any strategies for any specific breeding
program without clear articulation of the breeding objectives in terms of measurable metrics. It is
clear that most commercial soybean breeding programs will hesitate to compromise immediate
genetic gains for retention of useful genetic diversity. Should retention of useful genetic
variability be of greater emphasis in public soybean breeding programs? How much greater
emphasis? Even clearly articulated measurable objectives will require investments to build
better models that take into account complexities of multiple operational decisions associated
with annual activities and subsequently develop search algorithms that can find optimal solutions
for the competing objectives in dynamic environmental and economic landscapes (Byrum et al,
2017; Andorf et al. 2019; Li et al. 2021).
As a first step toward a more comprehensive decision support system, it will be useful to
reframe analyses of genetic potential, as well as rates and limits of genetic gains, in a Cost, Time
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and Probability of Success (CTP) framework. Several researchers in our group have framed the
optimization of trait introgression projects in a CTP framework (Cameron et al. 2017; Han et al.
2017). Applying GS for replenishing genetic potential lost due to selection and integration with
methods such as genomic mating and OCS (Akdemir and Sanchez 2016; Gorjanc et al. 2018) is a
promising research direction. By framing success as restoring a defined proportion of genetic
potential from other active breeding islands or archived populations, it should be possible to to
define combinations of factors that will assure selection of lines for crossing and migration that
will be optimal with respect to any specific project objectives.

4.2 Archived Islands of Genetic Diversity.
Germplasm collections for many agricultural crops include large numbers of genotypes
from geographical regions around the globe. Soybean breeders and geneticists agree that the
germplasm collection holds useful genetic variability that could contribute to genetic gains for
many agronomic traits (Yu X et al. 2016; Xavier et al, 2018). However, only small numbers of
the collections have been utilized in applied plant breeding programs. For example, only 1000
out of the 45000 unique accessions of Soybean available in the USDA soybean germplasm
collection are used in applied plant breeding (Jarquin et al, 2016; Xavier et al, 2018). The USDA
germplasm collection can be clustered into subpopulations based on their distinct collection sites
and morphological characteristics. The lines within a cluster often share similar phenotypic
characteristics for important agronomic traits and are often adapted to specific geographical
regions (Xavier et al, 2018). Song et al (2015) genotyped 19,648 accessions of the USDA
soybean germplasm collection using the Infinium II Bead chip consisting of 52,041 SNPs .The
assayed accessions include cultivated varieties, land races and wild type soybean from 84
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countries. (Song et al. 2015). The majority of these accessions form distinct clusters based on
their country of origin (Song et al. 2015; Bandillo et al. 2015; Jarquin D et al. 2016; Xavier et al.
2018).
Analysis of SoySNP50K data for 14,430 unique accessions (after removal of duplicate
and isogenic lines) from the collection with ADMIXTURE (Alexander et al. 2009) for k=5
resulted in population clusters that were highly correlated with geographical origin. Whereas
applying agglomerative clustering with Ward’s agglomerative method and Nei’s genetic distance
resulted in 8 clusters, each consisting of accessions from the same geographical region clusterspecific phenotypic characteristics (Xavier et al. 2018). A GWAS study on members
representing each cluster revealed some marker trait associations (MTAs) in genomic regions
that are common to all subpopulations and in other genomic regions that were unique to some
subpopulations (Bandillo et al. 2015; Xavier et al. 2018). This shows that favorable alleles are
distributed unequally among sub-populations and also implies that these alleles are distributed
unequally among and within linkage groups. In our simulations, we assumed equal contributions
of positive alleles from all founders with the QTL distributed uniformly among and within
linkage groups. Future simulations will needs to investigate more realistic scenarios with
unequal distributions. Identification and migration of lines that carry favorable haplotype blocks
instead of favorable alleles might turn out to be a better strategy.
Selecting genotypes for crossing from a large collection assumes that evaluation of
accessions per se will be directly useful in existing breeding populations. Such selection does
not consider how the new sources of favorable alleles will alter the existing genetic landscape
composed of varieties created during the last 80 years (~ eight cycles) of recurrent selection. An
example of how germplasm can be evaluated in the context of existing genetic landscape is the
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NCSRP supported SoyNAM project. The purpose of SoyNAM was to investigate potential for
novel useful genetic contributions to agronomic traits from samples of germplasm adapted to
Maturity Zones II to IV (Song et al. 2017). The sampled germplasm included contemporary
public varieties, plant introduction accessions and lines from the USDA soybean germplasm
conversion program. The SoyNAM panel was generated from crossing 40 founder lines with a
common parental inbred line, IA3023. F1 individuals from each of the 40 crosses were selfed for
five generations to generate 140 Recombinant Inbred Lines (RILs). The 40 founder lines
consisted of 17 high-yielding elite cultivars (EL) developed in the mid-western US, 15 adapted
breeding lines (BX) of diverse ancestry developed at USDA-ARS, and 8 plant introductions (PI)
with exotic ancestry including lines developed in South Korea, Russia and China (Song et al.
2017; Diers et al. 2018). The parental lines and the 5600 RILs were grown in 22 environments
across Mid-Western US from 2011 to 2013 and phenotyped for several important agronomic
traits (Diers et al. 2018). Genotypic data from SoyNAM 6K bead chip and data for the founder
lines from the SoyNAM 50K bead chip are available (Song et al. 2015; Song et al. 2017; Diers et
al. 2018). Results indicate that most identified favorable alleles for agronomically important
traits exist in the contemporary varieties, although there are some notable exceptions from the
BX genotypes. Not only are favorable alleles unequally distributed among the germplasm
resources, in the context of the existing selected breeding populations, positive contributions will
require some sort of breeding bridge (sometimes referred to as pre-breeding) such as identified in
the lines created by the BX project.
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4.3 Future Research
In breeding populations consisting of genetic diversity similar to the SoyNAM panel, we
found that application of Island Models (IM) with Genomic Mating (GM) provided a range of
trade-offs between the competing goals of retaining useful genetic variance while assuring
competitive genetic gains. In some cases rates of genetic gain in early cycles were almost as
great as the best rates and the greatest proportion of genetic potential among the founders was
realized in later cycles. We are not aware of research to identify the best combinations of
selection and crossing methods for retrieving lost favorable alleles from recently archived
populations. Analysis of exPVP genotypic data in soybean and corn reveal distinct clusters of
lines that are associated with year of release and location of development (Beckett et al. 2017).
Such clusters in germplasm resources have unequal distribution of favorable alleles, many of
which are likely in linkage disequilibrium with unfavorable alleles. The clusters also have
different numbers of members, with the elite PVP’s often grouped in small clusters, whereas the
clusters comprised of lines in broader germplasm resources often have large membership. Such
unequal distribution of membership per cluster further complicates implementation of island
model based optimization. It may be that maintaining different objectives for different types of
islands will improves global diversity. Elite varieties have relatively shorter life spans and are
often archived after 5-10 years. Thus, some archived lines are still protected by PVP certificates.
Other lines that have expired PVP certificates after ~20 years of protection and founder lines that
were developed 20-40 years ago form archived islands that are not as far removed from active
breeding populations as germplasm collections. These lines could become part of germplasm
conversion islands with objectives to rapidly break unfavorable linkage blocks for better access
to favorable alleles.
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While there have been many proposals to apply genome editing tools for sustainable crop
improvement, the use of genome editing is still in its infancy (Bevan et al. 2017; Hickey et al.
2017; Andorf et al. 2019; Mascher et al. 2019). Given that the predominant model for
quantitative traits is the infinitesimal model consisting of many loci with small additive effects
contributing to the trait value, such gene editing approaches will be ideally combined with
approaches such as genomic selection; for example, see Promotion of Alleles by Gene Editing
(PAGE) (Janez et al. 2015; Hickey et al. 2016, 2017). We speculate that there may be a need for
islands of breeding, where genome edited varieties that preserve crop diversity are maintained
and developed. Costs for maintaining such islands need to be included when investigating their
potential. But, just as costs need to be included, so should benefits because the benefits could
offset losses by serving as a resource pool for replenishing lost useful variance in breeding
populations. Island models could be applied in such contexts for optimization of processes to
achieve objectives set by the program.
Other approaches with potential for step changes in crop improvement pipeline include
high-throughput phenotyping using high-resolution digital technologies, precision envirotyping,
and integration with crop models and selection on network of loci or genes that function in gene
regulatory and metabolic networks (Heslot et al. 2014; Andorf et al. 2019; Diego et al. 2021; Li
et al. 2021). As these innovative approaches for crop improvement are proposed, we hope that
they will be evaluated in the context of optimizing breeding objectives so that the ideal responses
to selection can be approached.
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